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Abstract 
Retina images provide information about microcirculation in the body and unique 
branching characteristics. They have been found to assist in identifying health or 
disease in the retina and other vascular systems. However, current retinal analysis 
commonly involves vessel segmentation, which can be unreliable in the presence of 
distracting factors such as light artefacts, shadows and background noise. To reduce 
the error caused by segmentation, this study proposes that retina images be analyzed 
at the greyscale level. 
This study explores the analysis of retina images at the greyscale level, in particular 
the discovery of a novel clinical marker to describe retinal complexity based on the 
Fourier fractal dimension (FFD). This work demonstrates that using the box-counting 
technique on vessel segmentation to summarize retinal complexity can be unreliable, 
due to the presence of imaging artefacts such as shadow occlusion and imbalanced 
illumination. The newly developed fractal methodology has been applied success-
fully and found to be associated with different physiological factors and conditions. 
The FFD feature has also been demonstrated in a population study to be able to 
predict stroke incidence 10 years before the actual event. This is an important finding 
because the current technique is only able to describe the difference between stroke 
subtypes, but gives no evidence in the prospective data. 
This research work also shows that vessel segmentation causes imprecision in vessel 
diameter measurements. To compensate for the segmentation error, a new methodol-
ogy is proposed at the greyscale level. The validity of the diameter measurement is 
confirmed by the observation of cardiac trends in the vessel calibre. The results not 
only show significant diameter change across the cardiac cycle, but also indicate a 
specific trend for the arteriole and venule. Finally, the preliminary retinal analysis of 
biometrics in greyscale is also shown to be more robust in the dataset with different 
lighting conditions. 
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Chapter 1  
 
Introduction 
1.1 Introduction 
The retinal vasculature is a non-invasively observable circulatory system in the eye 
(Wang, Mitchell et al. 2003; Wong, Klein et al. 2003; Wong, Knudtson et al. 2004; 
Wong and Mitchell 2007). It provides useful information about the microcirculation 
in the body and the unique branching characteristics which come in different patterns 
for each individual (Hill 2002; Ortega, Penedo et al. 2009; Oinonen, Forsvik et al. 
2010). Retina images have been found to assist in identifying health or disease in the 
retina and other vascular systems (Wong 2004; Liew, Wang et al. 2008). Previous 
clinical studies have identified a number of features of retina images that can indicate 
different disease processes.  
The retinal vessel calibre may provide an early indicator of the risk of coronary 
heart disease (Wong, Klein et al. 2002). Another feature that can identify structural 
change in the retinal vasculature is the fractal dimension (FD), measured with the 
box-counting (BC) technique (Family, Masters et al. 1989; Landini, Misson et al. 
1993; Masters 2004; Mendonça, Garcia et al. 2007; Liew, Wang et al. 2008). Previ-
ous works have reported that FD was inversely correlated with age and blood 
pressure (Liew, Wang et al. 2008), and positively correlated with the presence of 
diabetic retinopathy, a microvascular manifestation of diabetes (Cheung, Donaghue 
et al. 2009). Recent studies show associations between retinal vascular changes and 
either small infarcts detected through brain imaging, or with clinical stroke (Mitchell, 
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Wang et al. 2005). A loss of complexity in the cerebral microvasculature may lead to 
limited collateral formation at cerebral infarction sites (Doubal, MacGillivray et al. 
2010).  
However, retinal analysis can be unreliable in the presence of distracters such as 
light artefacts, shadows and background noise (Cosatto, Liew et al. 2010). The 
challenge is aggravated by its small size. For example, the human retinal arteriole has 
a diameter ranging from 50 to 250 microns (Li, Hsu et al. 2005). Following image 
acquisition, vessel enhancement is necessary to bring out the retinal vasculature from 
the background. An example of the vessel enhancement technique is a directional 
matched filter with a Gabor wavelet (Soares, Leandro et al. 2006). A matched filter at 
a single scale or multiple scales is employed by maximizing the responses over a 
discrete set of kernel directions at every pixel. A fixed threshold can be used to 
segment the vessel after vessel enhancement. Further analyses include the determina-
tion of the global vasculature complexity measure based on the BC technique and 
unique landmarks extraction for biometrics applications. The problem is evident in 
biometrics with the missing landmarks because of the high variability in illumination 
and contrast (Figure 1-1). In addition, the lack of vessel diameter measurement 
precision associated with the segmentation has also been suggested (Raftopoulos, 
Papadakis et al. 2007; Al-Diri, Hunter et al. 2008). Unreliable segmentation results in 
error during analysis.  
Absolute width of vessel segment is difficult to obtain due to factor like refrac-
tive index, focusing distance between retina and camera lens and characteristics  of 
the vessel which introduce error to the vessel measurement (Chapman, Witt et al. 
2001). Local properties of the vessels include the observable edge of the retinal 
vessel segment is actually comes from the wall of red blood cells and the presence of 
central light reflex may affect the measurement when a fixed threshold is used during 
the vessel segmentation. To compensate for the error, a diameter measurement is 
commonly performed at the greyscale level. Chapman et al. (Chapman, Witt et al. 
2001), for instance, employed a line-fitting technique on a moving window along a 
greyscale vessel cross-section. The imprecision of diameter measurements based on 
vessel segmentation has also led to the development of a new benchmark in diameter 
measurements, REVIEW (Al-Diri, Hunter et al. 2008), instead of the previously-
developed vessel segmentation benchmarks, DRIVE (Staal, Abramoff et al. 2004) 
and STARE (Hoover, Kouznetsova et al. 2000). 
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(a) (b) 
Figure 1-1. The same retina taken from different angles: notice the difference in 
illumination and shadow occlusion in the scans, resulting in missing bifurcations and 
branches. (a) Original images with different illuminations, (b) Segmented vessels 
showing missing landmarks on the right side of the image. 
  
In the analysis of retinal biometrics at the binary level, missing bifurcations and 
crossovers were encountered due to the segmentation limitation (Ortega, Penedo et 
al. 2009). The missing landmark requires the manual selection of optimal parameters 
in the similarity metrics. Ortega et al. proposed a four-step algorithm which was used 
to join disconnected vessels prior to the bifurcation or crossover extraction. Follow-
ing the extraction of the features, intra-person features still do not result in a perfect 
match. This is due to missing landmarks because of the high variability of illumina-
tion and contrast after the vessel segmentation (Figure 1-1). To overcome this 
problem, the authors introduced a novel form of similarity metrics. However, the 
exhaustive selection of optimal parameters was needed to construct the best similar-
ity metrics equation; they were manually chosen to fit the best outcome. The problem 
is evident for the biometrics based on this principle, and different algorithm parame-
ter values were used for each database (Oinonen, Forsvik et al. 2010). 
Poor reliability has been shown to result from retinal analysis based on binary 
segmentation. The loss of information has resulted in minimal repeatability in the 
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retinal complexity measure, imprecision in the vessel diameter measurement, and 
missing landmarks used to identify uniqueness in biometrics.  
1.2 Definition of greyscale and binary analyses 
One may argue that most image analysis starts with greyscale level and binarization 
takes place later to extract specific information from the image. This thesis restricts 
the definition of greyscale and binary analyses during when the retinal features are 
extracted. Figure 1-2 illustrates the difference between the analyses.  
Figure 1-2(a) compares the images used in the analysis of greyscale and binary 
levels. All the retinal features are extracted from these images. As can be seen from 
Figure 1-2(b), the greyscale analysis estimates the complexity of the retina image 
differently from the binary analysis. The latter uses grids at different sizes covering 
the binary vessel segmentation, while the former estimates the complexity based on 
the greyscale image by transforming the image to the Fourier domain. Figure 1-2(c) 
describes the process to estimate the vessel diameter. At the greyscale level, the 
cross-sectional profile can be fitted with a Gaussian function, and the vessel diameter 
is estimated from the standard deviation of the function. Binary analysis takes the 
edges of the vessel cross-section as the estimated width of the vessel. 
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Figure 1-2. Greyscale versus binary analyses. (a) Images used for the analysis. (b) 
Measuring complexity at greyscale and binary levels. (c) Estimating vessel diameter 
in greyscale and binary images. 
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1.3 Problem statement 
There are generally two levels of pixel intensity used to analyse retina images: the 
binary and greyscale. Binary analysis of retina images requires the segmentation of 
the vessels, which is prone to error when non-uniform illumination and a noise 
artefact exist. This is evident when measuring the retinal complexity based on the BC 
technique at a binary level (Liew, Wang et al. 2008): the BC technique has been 
found to be unsuitable for images with a number of distracters and a large imaging 
variation. Often there is a need for manual and time-consuming tracing of the blood 
vessels before it can be submitted for BC analysis. In addition to the cost, both the 
manual and automatic vessel segmentation processes are prone to error because of 
the difference between experts: this makes the outcome dependent on the experience 
of the grader, in the case of the manual process, or on the variations in image colour, 
brightness and contrast, in the case of automatic processes (Cosatto, Liew et al. 
2010).  
Alternatively, a greyscale analysis of retina scans is possible using a single-
channel (green) or by using enhanced images prior to the vessel segmentation. 
However, greyscale retinal analyses have been limited to vessel diameter measure-
ment, which generally uses the green channel to model and compute the diameter 
(Gao, Bharath et al. 2000; Chapman, Witt et al. 2001; Li, Hsu et al. 2005; Al-Diri, 
Hunter et al. 2009). Analysis at this intensity level deserves further exploration. 
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1.4 Hypotheses 
To reduce the error caused by segmentation, it is proposed that the retina image is 
analysed at the greyscale level. It is hypothesized that: 
 The analysis of the retinal complexity at a greyscale level will result in a 
more robust complexity measure. Greyscale complexity analysis will be 
estimated, as based on the Fourier fractal dimension (FFD).  
 The precision, defined as the variance between the “gold standard” and 
the estimated measurement of the vessel diameter measurement can be 
improved when analysed at a greyscale level instead of using the edges 
from the vessel segmentation. 
 Robust landmarks can be identified at a greyscale level after vessel en-
hancement and reducing the loss of information commonly found at the 
binary level due to missing bifurcations during vessel segmentation. 
Greyscale analysis could lead to landmarks that are less sensitive to im-
balanced illumination. 
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1.5 Aim and objectives 
The aim of this study is to analyse retina images at the greyscale level, leading to 
new clinical and biometrics feature-extraction methodologies. The objectives of this 
research are to: 
 Develop a novel methodology to summarize the complexity of the retina 
at the greyscale level based on the fractal theory. 
 Test the technique by measuring changes in the greyscale fractal analysis 
in the context of aging. 
 Test the technique by measuring changes in the greyscale fractal analysis 
in the context of stroke prediction. 
 Test the technique by measuring changes in the greyscale fractal analysis 
in the context of other systemic or ocular conditions in a population 
study. 
 Confirm the hypothesis that vessel segmentation introduces errors in di-
ameter measurement and propose a methodology to compensate for the 
error at the greyscale level. 
 Test the technique by measuring changes in the greyscale vessel diameter 
measurement in the context of the cardiac cycle. 
 Investigate whether the greyscale analysis of retina scans is applicable in 
identifying unique landmarks to represent individuals. 
  9 
1.6 Outline of the thesis 
Following the introductory remarks, this thesis is organized into the following 
chapters: 
 
Chapter 2 presents a brief description of the human retina and a general review 
of works related to retinal analysis at the binary and greyscale levels. 
Chapter 3 describes a robust methodology to quantify fractal complexity at the 
greyscale level. The chapter starts by introducing a measure of the fractal structure in 
greyscale images, the Fourier fractal dimension (FFD). It then proceeds to explain 
the methodology of extracting FFD from retina images. 
Chapter 4 covers the application of greyscale fractal analysis for aging, stroke 
prediction and other physiological factors in a population study. 
Chapter 5 describes the methodology used to measure the vessel diameter at the 
greyscale level. A comparative analysis of the existing algorithms and the proposed 
technique is presented. 
Chapter 6 reports the results of the vessel diameter measurement using the pro-
posed methodology when applied to retina images taken at different cardiac points. 
Chapter 7 presents the methodology used to extract unique landmarks at the 
greyscale level and the preliminary results as tested on retina images photographed in 
different lighting conditions. 
Chapter 8 concludes the findings of this thesis, discusses the main contributions 
of this research and discusses future studies to be undertaken. 
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Chapter 2  
 
Literature review 
2.1 Introduction 
This chapter presents a brief description of the human retina and a general review of 
the works related to the analysis of retinal vasculature of the human eye. The review 
in this section covers two major research areas: 
 Binary analysis of retinal vasculature. 
 Greyscale analysis of retinal vasculature. 
2.2 Human retina 
The human retina is a photon-sensitive multi-layered tissue at the back of the eye, 
with an area of approximately 1094 mm2 (Kolb, Fernandez et al. 2011). The major 
blood vessels, arterioles and venules extend and branch out from the bright oval 
region centred in the retina called the optic nerve. The fovea is located about 4.5-5 
mm (Kolb, Fernandez et al. 1995) temporally from the optic nerve, the yellowish 
area at the centre of the macula, which is important for sharp central vision. The main 
vascular systems that supply blood to the retina are of the choroidal and the retinal 
vasculature. The circulation in the optic nerve is a subset of the main system, and is 
sometimes examined separately. Figure 2-1 illustrates the major structures in the 
retina.  
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As the retina functions like a sensor in a camera to capture light and translate it 
into a neural signal in the visual cortex of the brain, the mechanism enables the 
circulatory system to be observed from the outside. It has been found to assist in 
identifying health or disease in the retina and other vascular systems (Wong 2004; 
Liew, Wang et al. 2008). Previous studies have identified a number of features of 
retina images that can indicate different disease processes.  
An example of the disease manifestation in the retina (Abramoff, Garvin et al. 
2011) that affects the retina is Age-related Macular Degeneration (AMD). Wet AMD 
is characterized by the abnormal growth of choroidal vasculature: the fluid seeps out 
from the vessels and is absorbed into the retina, causing a loss of vision. The most 
common form of AMD is the dry AMD, and this is normally identified when drusens 
(fatty deposits) accumulate in the macular region. This gradually results in the loss of 
vision. 
Signs of systemic diseases may also be present and observable in the retina. The 
key identifiers for diabetes mellitus, for instance, are the growth of new vessels and 
the presence of exudates in the form of yellow deposits, examples of observable 
retinal signs in “diabetic retinopathy”. Early researchers examined retinal signs in 
patients with hypertension and named these “hypertensive retinopathy” (Baker, Hand 
et al. 2008). These include cotton-wool spots, retinal hemorrhages, focal retinal 
arteriolar narrowing, generalized arteriolar narrowing, swelling of the optic disk and 
arteriovenous nicking (AV), a phenomenon in which an arteriole is seen crossing a 
venule with significant constriction on both sides of the venule (see Figure 2-2). 
The disease manifestation can also be detected earlier from the retina. In the 
studies of stroke incidence and mortality, AV nicking, cotton-wool spot, hemor-
rhages, hard exudates, and focal arteriolar narrowing have been observed commonly 
in stroke patients prior to the event (Baker, Hand et al. 2008).  
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(a) 
 
(b) 
Figure 2-1. Major structures in the human retina (Kolb, Fernandez et al. 2011). (a) 
Cross-sectional illustration of the human eye. (b) Human retina photograph. 
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(a) 
 
(b) 
Figure 2-2. Arteriovenous nicking (Goldberg and Trattler 2010). (a) AV in colour 
retina photograph. (b) AV in red-free photograph, for a better contrast. 
 
2.3 Retina image acquisition (funduscopy) 
Retinal photography is commonly known as “funduscopy”, literally meaning the 
examination of the back of the eye. The retina can be projected onto two-dimensional 
planes using reflected light. The image intensities produced from the reflection 
creates the fundus image. Abramoff et al. classified fundus imaging techniques into 
several categories (Abramoff, Garvin et al. 2011), based on the type of light and the 
procedure being incorporated into the process.  
The most common form is colour fundus photography, where the image intensi-
ties are reflected to three spectral bands: namely, the red, green, and blue channels. A 
better visualization is obtained by using single wavelength laser light to image the 
retinal tissue (Manivannan, Van der Hoek et al. 2001). This is adopted in the scan-
ning laser ophthalmoscopy (SLO). Drusen, for example, is clearly identified in the 
SLO images, where it can only be seen against a brighter background in colour 
funduscopy. While SLO shows a better contrast, colour funduscopy remains the 
preferred modality for clinical analysis (Doubal, MacGillivray et al. 2010; Kawasaki, 
Che Azemin et al. 2011; Azemin, Kumar et al. 2012). 
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2.4 Clinical applications of retinal vasculature 
Reduction in the complexity of the body structure makes physiological systems less 
able to cope with physiological stress (Goldberger 1996; Goldberger, Amaral et al. 
2002; Goldberger, Peng et al. 2002). Aging is known to be associated with the loss of 
complexity in the organ structures of the human body (Lipsitz and Goldberger 1992), 
which is associated with functional loss. Such loss of complexity has been observed 
in cardiac activity (Pikkujamsa, Makikallio et al. 1999), brain neurons (Schierwagen 
1990), electroencephalography (EEG) (Kaplan, Furman et al. 1991; Skinner 1994; 
Yasha Kresh and Izrailtyan 1998), and general physiological measures (Kyriazis 
2003).  
Complexity can be quantified based on fractal dimension (FD) analysis. Previ-
ous work has reported that FD of the retinal vasculature was inversely correlated with 
age and blood pressure (Liew, Wang et al. 2008), and positively correlated with the 
presence of diabetic retinopathy, a microvascular complication of diabetes (Cheung, 
Donaghue et al. 2009). However, these studies and earlier works that aimed to 
quantify complexity in the retinal vasculature were based on the box-counting (BC) 
method to estimate FD (Family, Masters et al. 1989; Masters 2004; Liew, Wang et al. 
2008). Many previous studies did not find a correlation between aging and FD 
(Family, Masters et al. 1989; Masters 2004), suggesting no reduction in complexity 
of the retinal vasculature with aging. This contrasts with findings of reduced com-
plexity associated with aging in other parts of the body.  
Recent studies show associations between retinal vascular changes and either 
small infarcts detected on brain imaging, or with clinical stroke (Mitchell, Wang et 
al. 2005). A loss of complexity of the cerebral microvasculature may lead to limited 
collateral formation at cerebral infarction sites (Doubal, MacGillivray et al. 2010). 
To date, studies have reported cross-sectional associations between the retinal fractal 
dimension and lacunar stroke (Cheung, Liew et al. 2010; Doubal, MacGillivray et al. 
2010). However, no prospective data are available about the relation between the 
retinal fractal dimension and the incidence of stroke. 
Retinal vessel diameters have been measured either as a segment or a summary 
of a specific region in the retina. For example, in the study of the vessel diameter 
change in the cardiac cycle, Chen et al. (Chen, Patel et al. 1994) measured a random 
segment of arterioles and venules in the retina to find the cardiac trend. In contrast, 
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Reshef (Reshef 1999) summarized the vessel diameters into Central Retinal Arteriole 
Equivalent (CRAE) and Central Venule Equivalent (CRVE) to analyse the cardiac 
pattern. CRAE and CRVE have been used often as a convenient means to get an 
overview of the retinal vessel diameter change in a person. They represent the 
summary of the retinal diameter estimated from zone B, which is defined as the 
region from 1/2 an optic disc diameter to 1 optic disc diameter from the disc margin. 
Figure 2-3 depicts the CRAE and CRVE measurement using the IVAN software 
(Wong, Islam et al. 2006). 
 
 
Figure 2-3. Vessels tracked in zone B. The red colour indicates vessels detected as 
arterioles and the blue colour as venules. 
 
Reducing CRAE has been found generally to be associated with hypertension 
(Wong, Klein et al. 2001). This is partly caused by the autoregulatory process, 
leading to the constriction of the arterioles (Wong, Klein et al. 2001; Wang, 
Rochtchina et al. 2008). The generalized arteriolar narrowing has also been shown to 
be associated with an increased risk of severe hypertension (Wang, Rochtchina et al. 
2008).  
Recently, the retinal vessel diameter has been measured as a function of time us-
ing the Dynamic Vessel Analyser (DVA) equipment (Vilser, Nagel et al. 2002). This 
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facility is normally used with green light flicker to induce pulsation in the major 
vessels. A specific segment of the vessels is used to track the changes in the diame-
ter. Measuring the retinal Pulse Wave Velocity (rPWV) is also possible with DVA by 
recording the diameter changes at two distinct sites in the retinal vessels (proximal vs 
distal) (Kotliar, Baumann et al. 2011). Cross-correlation has been employed to 
estimate the rPWV. While this new technology shows some promising results 
(Kotliar, Baumann et al. 2011; Lecleire-Collet, Audo et al. 2011), it is still in its early 
stages and more clinical trials are still needed to prove its reliability and validity. In 
addition, DVA requires substantial modification from the existing retinal camera, 
thus making the technology inaccessible to many practitioners. 
2.5 Analysis of retina images 
Retina images are commonly analysed either in greyscale or at the binary intensity 
level. A greyscale image contains tones of grey that change from black at the lowest 
intensity to white at the highest intensity. The greyscale format uses 0 to represent 
black and the maximum value for white. The maximum intensity depends on the 
pixel depth: the common depth is 8 bits per pixel, which translates to 256 different 
intensity levels that can be represented by each pixel. A retinal fundus image is often 
composed of RGB colour channels for red, green and blue colour components. A 
better contrast of retinal anatomical structures can be enhanced by examining the 
individual colour channel. For example, the green channel highlights the vessel 
network better than the other colours. Figure 2-4 describes the colour channels of the 
retina image; the middle column shows the independent colour channel in natural 
colours and the right column represents their greyscale counterparts.  
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Vessel enhancement is necessary to bring out the retinal vasculature from the 
background. The arterioles and venules normally appear darker than their surround-
ings. A typical intensity profile across vessels resembles a Gaussian or a twin-
Gaussian when the central light reflex is present. Vessel enhancement algorithms 
have been developed based on these unique characteristics. 
An example of the vessel enhancement technique is directional matched filter 
with Gabor wavelet (Soares, Leandro et al. 2006). Matched filter at a single scale or 
multiple scales is employed by maximizing the responses over a discrete set of kernel 
directions at every pixel. At each kernel direction, the response to the two-
dimensional Gabor kernel is computed. Maximum responses are obtained over 
equally separated angles. Osareh et al. (Osareh and Shadgar 2009) and Rangayyan 
(Rangayyan, Oloumi et al. 2007) extended the work by feeding in more features to 
obtain better classification results. These techniques apply a fixed threshold to 
segment the vessel following vessel enhancement. An example of an enhanced 
greyscale image and its binary counterpart is shown in Figure 2-5. The figures have 
been produced using the supervised vessel segmentation technique adopted from the 
Soares’s method. 
 
 
(a) 
 
(b) 
Figure 2-5. Retina image at different intensity levels. (a) Enhanced greyscale image. 
(b) Vessel segmentation in binary image. 
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2.6 Review – Binary analysis of retinal vasculature  
The well-accepted benchmarks for the analysis of the retina in a binary format are the 
DRIVE (Staal, Abramoff et al. 2004) and STARE (Hoover, Kouznetsova et al. 2000) 
databases. These enable comparative studies of the performance of blood vessel 
segmentation techniques. Manual labelling from experts are used as the “gold-
standard”. Figure 2-6 shows an example of segmentation as a result of an automated 
vessel segmentation algorithm.  
Abramoff et al. (Abramoff, Garvin et al. 2011) in the review article have gener-
alised the detection of retinal vessel process as a part of pixel feature classification. 
For example, template matching and kernel convolution according to the review 
article belong to the same concept of convolving the retina image with kernels or 
templates. This strategy can be extended by generating more features and supplying 
the multifeature vector to a machine learning system where the algorithm learns to 
categorise the pixels as vessels or non-vessels. 
 
 
(a) 
 
(b) 
Figure 2-6. An example of a vessel segmentation outcome. (a) Colour retina image. 
(b) Segmentation result. 
 
Further to vessel segmentation, the retinal vasculature is then quantified using a 
global measure such as a fractal dimension to represent the physiological condition 
of the retina. Bifurcations and crossovers identified from the vessel-segmented 
images can also be used as landmarks to identify individuals uniquely in biometrics 
applications.  
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2.6.1 Quantifying complexity in binary retina images 
Fractal dimension (FD) is one of many complexity measures (Kyriazis 2003). It has 
been used to measure complex geometry that lacks a characteristic or a single 
scale(Mandelbrot 1983). FD exhibits self-similarity in structural characteristics, and 
its value increases with increasing structural complexity (Goldberger 1996). 
FD in binary images can be calculated based on the box-counting technique, the 
analysis of log-log plot of N as a function of R, where N is the number of boxes of 
scale R to cover the white pixels of the segmented vessels. The box-counting fractal 
dimension is the slope coefficient of the fitting straight line. Figure 2-7 illustrates this 
procedure performed using publicly available software, Fraclac (Karperien 2007).  
 
 
 
 
(a) (b) 
Figure 2-7. (a) The box of different scales covering the vasculature. (b) The slope of 
the straight line fitted on Ln N vs Ln R is the box-counting fractal dimension. 
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As shown in Figure 2-7(a), the retinal vasculature is covered by box of different 
scales for example of scale R. At this scale, the number of N boxes is counted and 
plotted in the Ln N vs Ln R plot. The process is repeated until the largest scale of the 
box reaches the pre-determined size. The slope of the straight line fitted on the 
natural logarithm plot is taken as the value for the fractal dimension. 
2.6.2 Quantifying uniqueness in binary retina images 
Prior work has reported the uniqueness of the shape of the retinal vasculature (Hill 
2002). Blood vessels on the retina of a person are known to have distinctive patterns 
that can be used to identify an individual. The unique branching characteristics of the 
vessels are commonly employed as biometrics templates. 
The works in (Azemin, Kumar et al. 2009) and (Fuhrmann, Hämmerle-Uhl et al. 
2009) only demonstrated intra-individual performance and used noise to simulate 
inter-individual performance. The simulated noise may not be representative of the 
actual noise that appears in retina scans. The systems also used optic disk detection 
(ODC) to identify the Region of Interest (ROI). The variation observed in the retina 
scans taken at different time instances largely contributed to the error in the ROI 
selection that results in a high false positive rate. 
The variation observed in the retina scans taken at different time instances 
largely contributed to uneven background illumination (Ortega, Penedo et al. 2009). 
Current techniques require binary segmentation of the vessels that are prone to a 
segmentation error when non-uniform illumination exists in retina scans taken at 
different instances of time (Azemin, Kumar et al. 2009; Fuhrmann, Hämmerle-Uhl et 
al. 2009; Ortega, Penedo et al. 2009). This lighting disparity is caused by the posi-
tioning of the camera relative to the retina of the subject. 
2.6.3 Unresolved issues in binary analysis 
Complexity studies based on box-counting techniques have demonstrated a number 
of possible applications of retinal vessel images. However, because of the need for 
manual and time-consuming tracing of the blood vessels, the analysis is restricted to 
relatively small datasets (Landini, Misson et al. 1993; Masters 2004; Mendonça, 
Garcia et al. 2007).  
Even with the semi-automated approach introduced recently, manual deletion of 
distracters such as light artefacts, shadows and background noise is still required 
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(Liew, Wang et al. 2008). In addition to the cost, both the manual and automatic 
vessel segmentation processes are prone to error because of differences between 
experts. This makes the outcome dependent on the experience of the grader, in the 
case of the manual process, or on variations in image colour, brightness and contrast, 
in the case of automatic processes. Moderate correlations between images of differ-
ent lighting conditions were obtained using BC methods on binary segmentation 
images ranging from 0.48 to 0.57 (Cosatto, Liew et al. 2010). 
Ortega et al. (Ortega, Penedo et al. 2009) proposed a biometric technique for bi-
nary retinal vasculature. A four-step algorithm has been used to join disconnected 
vessels prior to the bifurcation or crossover extraction. Following the feature extrac-
tion, intra-person features still do not result in a perfect match due to missing 
landmarks because of the high variability in illumination and contrast resulting from 
the segmentation error. To overcome this problem, the authors introduced a novel 
form of similarity metrics. However, the exhaustive selection of optimal parameters 
was needed to construct the best similarity metrics equation; they were manually 
chosen to fit the best outcome. Optimal similarity metrics for one database may not 
be the most favourable in other databases. The problem is evident for the biometrics 
based on this principle, as different algorithm parameter values were used for each 
database (Oinonen, Forsvik et al. 2010). 
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2.7 Review – Greyscale analysis of retinal vasculature 
The analysis of retinal vasculature at the greyscale level mainly focuses on vessel 
diameter measurement (Gao, Bharath et al. 2000; Chapman, Witt et al. 2001; Li, Hsu 
et al. 2005; Al-Diri, Hunter et al. 2009). The main challenge in order to measure 
accurately the diameter of the retinal vessel is its small size: for example, the retinal 
arteriole has a diameter ranging from 50 to 250 microns (Li, Hsu et al. 2005). The 
problem of determining the edges of the retinal vessels is aggravated when the 
transition from background intensity to the actual edge is not sharp, which comes 
about because the retinal image is a superimposition of reflections from multiple 
tissue layers. This leads to imprecise vessel diameter measurements, leading to 
inaccurate clinical assessments. 
A reference dataset, REVIEW has been developed to assess the performance of 
vessel width measurements (Al-Diri, Hunter et al. 2008). This benchmark has been 
used to evaluate the precision and accuracy of vessel diameter measurements (as 
detailed in Chapter 5, “Loss of calibre information during vessel segmentation”). 
Comparative analysis has been made for various techniques and published in the 
IEEE Transaction on Medical Imaging journal (Al-Diri, Hunter et al. 2009; Xu, 
Niemeijer et al. 2011). This research work will use the same “gold standard” used by 
the earlier researchers. 
While there is a claim that vessel segmentation does not solve the diameter 
measurement problem (Al-Diri, Hunter et al. 2008), it has not been proven experi-
mentally. It is likely that most vessel boundary delineation techniques have not been 
analysed at the binary level because of the possible loss of the edges information 
when a fixed threshold is used. The following section briefly describes previous 
vessel diameter measurements analysed at the greyscale level as found in the litera-
ture. 
2.7.1 Previous retinal vessel diameter measurements 
Figure 2-8 illustrates typical cross-sections of a retinal vessel. Note that there are two 
important characteristics with regard to the vessel profile: the presence or absence of 
central light reflex and the differences in background intensity. 
Full-width half-maximum (FWHM) algorithm (Brinchmann-Hansen and Heier 
1986) has been proposed to deal with the central light reflex. The FWHM method 
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calculates half height positions on the left and right sides of the midpoint of the 
vessel cross-section. The vessel diameter is calculated as the distance between these 
points. An alternative to this method is the rectangular fitting method (Gregson, Shen 
et al. 1995).  
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(a) (b) 
Figure 2-8. Examples of retinal vessel cross-section sampled from two sites. Blue 
lines indicate the sampling site and red lines illustrate important characteristics of the 
vessel cross-sections. (a) Vessel cross-section without central light reflex. (b) Vessel 
cross-section with central light reflex. 
 
 
 
Vessel edge 
Central light reflex 
Non-uniform  
background intensity 
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(a) (b) 
Figure 2-9. Early techniques to measure vessel diameter (Lowell, Hunter et al. 2004). 
(a) Full-width half-maximum. (b) Rectangular fitting method. Copyright © 2004 
IEEE. 
 
The height of the rectangle is the difference between the maximum and mini-
mum intensity values in the vessel cross-section. The width of the rectangle is 
calibrated to obtain an equivalent area under the rectangle and the vessel profile. 
Both techniques are illustrated in Figure 2-9. 
It has been demonstrated by (Gao, Bharath et al. 2000) that the retinal vessel 
profile can be fitted with the twin-Gaussian model. The study found a linear relation-
ship between the standard deviation of the Gaussian and the “gold standard” 
diameters obtained from the sharper images of the angiograms. Using the inverted 
cross-sectional profile, the vessel diameter can be estimated based on the twin-
Gaussian function: 
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where x is the vessel intensity in pixels, the negative Gaussian represents the central 
light reflection, a1 is the height of the Gaussian function, a2 is the spatial displace-
ment, and a3 is the spread of the Gaussian. Likewise, a4, a5, and a6 are similar to a1, 
a2, and a3 respectively, but for the negative Gaussian. Differences in lighting illumi-
nations were compensated for by a bias term a7 to represent the background intensity. 
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The terms in the equation n were estimated by fitting the twin-Gaussian function 
to the profile using a Levenberg–Marquardt fitting algorithm. The width of the vessel 
was calculated to be 2.33a3. 
Lowell et al. proposed a 2D model based on a Gaussian or Difference of Gaus-
sian functions, depending on the absence or presence of the light reflex. Without the 
central light reflex the following function is employed: 
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where x and y are the cross-sectional range, θ is the orientation of the function, µ is 
the displacement of the Gaussian centre, h1 is the height and s1 is the width of the 
Gaussian, equal to 1/σ1
2  and α is a constant. While in the presence of the light reflex, 
the function becomes: 
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where h2 and s2 are the height and the width of the negative Gaussian respectively. 
The parameters in the function are iteratively optimized to fit the vessel profiles, and 
the parameter s1 is used to estimate the vessel diameter. Figure 2-10 illustrates the 
parameters involved in the fitting process. The model with the best fit is chosen for 
the width estimation. 
 
Figure 2-10. Illustration of the measurement technique based on 2D fitting (Lowell, 
Hunter et al. 2004). Copyright © 2004 IEEE. 
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Chapman et al. (Chapman, Witt et al. 2001) proposed a Sliding Linear Regres-
sion Filter (SLRF) to compute the vessel diameter. The SLRF technique is based on 
the linear regression fitted on vessel cross-sectional profile within a window of width 
W centred on the nth point. W is estimated using the parameter a3 from equation 2.4. 
The window is continuously shifted a single pixel at a time, and the SLRF of the best 
least square is identified as m. The edges of the vessel are determined, based on the 
value m: 
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for all i such that mi > 0.5mmax and mi < 0.5mmin. N is the number of pixels in the 
window. The vessel diameter is calculated from the difference of the two edges. 
Figure 2-11 illustrates the SLRF method. Comparative analysis was made by 
(Chapman, Witt et al. 2001) to compare different automated vessel diameter algo-
rithms, and determined that a SLRF was more precise than the twin-Gaussian and 
Sobel techniques. However, as described earlier, the SLRF method relies on the 
parameter from the twin-Gaussian analysis to adjust its window size. 
 
 
Figure 2-11. Sliding linear regression filter proposed by Chapman et al. (Chapman, 
Witt et al. 2001). Copyright © 2001 BMJ. 
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2.7.2 Unresolved issues in greyscale analysis 
Various benchmarks have been adopted to measure the performance of a vessel 
diameter measurement. A previous study (Li, Hsu et al. 2005) reported excellent 
performance while using the residual error to evaluate the proposed modified Gaus-
sian model against a standard Gaussian model on 505 vessel segments, and standard 
deviation of the inverted Gaussian has been used as the estimate of the vessel diame-
ter.  
Lowell et al. (Lowell, Hunter et al. 2004) proposed a metric based on the stan-
dard deviation (precision) and the mean (accuracy) of the difference between the 
“gold standard” and the estimated diameter to assess the performance of a vessel 
diameter measurement technique. These metrics are similar to the Bland-Altman plot 
used by Chapman et al. (Chapman, Witt et al. 2001): the narrow 95% Confidence 
Intervals (CI) was used to assess the dispersion of the difference, and the mean bias 
reflects its deviation from the actual diameter.  
Based on these metrics, the Extraction of Segment Profiles (ESP) algorithm in-
dicated the highest precision (Al-Diri, Hunter et al. 2009). The ESP technique 
employs an active contour model to identify the vessel edges. However, the method 
requires the edges to be detected one at a time. This could be a problem when one of 
the boundaries is blurred or of poor quality. 
A Graph-based approach shows the best overall accuracy over other techniques. 
However, it is important to note that, as stated by Chapman, Witt et al. (Chapman, 
Witt et al. 2001) and Al-Diri, Hunter et al. (Al-Diri, Hunter et al. 2009), the mean 
difference or accuracy as defined in this study can easily be corrected by subtracting 
the measurement with a bias constant. As opposed to accuracy, the variance in the 
measurement error (or precision in this study) cannot be compensated for. 
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2.8 Summary 
This chapter has described the anatomy of the human retina and the associated 
diseases which manifest in the retina. The manifestation does not only appear in 
patients with diagnosed hypertension and/or diabetes, but are also found prior to the 
actual diagnosis while the disease is at an early stage. This literature review has 
further categorized the retinal analysis into different levels of pixel intensity analysis: 
the binary and greyscale. 
Binary retinal analysis has been associated with the analysis of the retinal vascu-
lature branching pattern for the extraction of complexity features and landmarks to 
represent the uniqueness of an individual. The branching complexity is commonly 
quantified based on the fractal dimension algorithm, and the landmarks are identified 
based on the bifurcations and crossovers. Vessel diameter measurement is mainly 
analysed at the greyscale level to achieve higher precision and greater accuracy. This 
chapter has further discussed the strengths and weaknesses of state-of-the art tech-
niques identified in the retinal analysis in binary and greyscale levels. 
Further to the analysis of the current works in the literature, this research study 
identifies the existing gaps and proposes greyscale retina analysis for: 
 
 A robust methodology to extract retinal complexity. Greyscale complex-
ity will be quantified based on the Fourier fractal dimension (FFD). FFD 
has been used to quantify greyscale images, projected as a three-
dimensional fractal surface (Russ 1994). The advantage of FFD is that it 
computes the fractal dimension of greyscale images, and eliminates the 
need for image segmentation. FFD has also been found to be relatively 
insensitive to noise and it is believed to work effectively with data having 
a low signal-to-noise ratio (Russ 1994; Loaiza 2005). FFD has been used 
successfully for estimating complexity in a number of biomedical appli-
cations, such as for the analysis of the hepatic sinusoidal network in rat 
liver (Gaudio, Chaberek et al. 2005). The greyscale fractal methodology 
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could lead to a more sensitive biomarker to detect physiological state 
changes and diseases. 
 A precise diameter measurement in greyscale images for subtle change 
detection in the retinal vessel. It would employ a combination of twin-
Gaussian (Gao, Bharath et al. 2000) and single-Gaussian (Zhou, 
Rzeszotarski et al. 1994) models to fit the enhanced (Frangi, Niessen et 
al. 1998) vessel cross-sections and uses a non-parametric approach to de-
termine the edges of the vessels. 
 Identifying the landmarks using enhancement (Frangi, Niessen et al. 
1998) and correlation in greyscale images.  
This thesis identifies the methodologies to analyse retina images at the greyscale 
level (Chapter 3, 5, and 7), and investigate their applications to detect physiological 
state changes (Chapter 4, 6).  
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Chapter 3  
 
Quantifying complexity with greyscale  
fractal analysis 
3.1 Introduction 
This chapter addresses the hypothesis that the analysis of the retinal complexity at the 
greyscale level based on the Fourier fractal dimension (FFD) will result in a more 
robust complexity measure than the analysis at the binary level based on the box-
counting algorithm. The chapter begins by introducing different measurements of 
complexity. It then proceeds to explain the methodology to extract FFD from retina 
images. 
This research work proposes the use of the Fourier fractal dimension (FFD) ap-
proach, to compute the fractal dimension. FFD has been used to quantify greyscale 
images, projected as a two-dimensional fractal surface (Russ 1994). The advantage of 
FFD is that it computes the fractal dimension of greyscale images, and eliminates the 
need for image segmentation (Russ 1994). FFD has also been found to be relatively 
insensitive to noise and it is believed to work effectively with data with a low signal-
to-noise ratio (Russ 1994; Loaiza 2005). FFD has been used successfully for comput-
ing FFD in a number of biomedical applications such as for the analysis of the 
hepatic sinusoidal network in rat liver (Gaudio, Chaberek et al. 2005).  
 The following sections present a methodology for processing the retinal vessel 
fractal dimension from a fractal surface, and validating findings about FFD imple-
mentation in relation to two common variations to test the robustness of this method: 
variation from the choice of allocating the optic nerve centre (i.e., repeatability) and 
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variation from the influence of photographic angles on the incidence (i.e., reliability). 
After the proposed image enhancement of retinal scans, the insensitivity of the FFD 
measures against these two variations will be tested. It is anticipated that the fractal 
dimension measures using FFD will be consistent regardless of these variations.  
Finally the validity of this novel fractal dimension assessment method (using 
FFD) will be assessed by evaluating its associations with age, a well known associa-
tion found with fractal dimensions in many other organs and systems (Lipsitz and 
Goldberger 1992; Goldberger, Amaral et al. 2002; Goldberger, Peng et al. 2002). 
3.2 Materials and pre-processing 
Data were collected during the Blue Mountains Eye Study (BMES), a population-
based cohort study of eye diseases and other health outcomes in a suburban Austra-
lian population (age range, 50-89 years) (Mitchell, Smith et al. 1995; Wang, Mitchell 
et al. 2003). The data were provided by the Centre for Eye Research, Australia. After 
pupil dilation, 30-degree field retinal photographs were taken using a Zeiss FF3 
fundus camera. Optic disk-centred images were then digitized using a Canon Cano-
Scan FS2710 slide scanner (Canon Corporation, Tokyo, Japan), with 24-bit colour 
and a maximum resolution of 2720 dpi without enhancement.  
Only the healthy subjects’ data were analysed. These were subjects without any 
known eye disease, cardiovascular disease or diabetes. This data was subdivided 
based on age into two age groups: (1) 50-69 years; (2) 70-89 years. Random samples 
of right eye retina images were taken from each of these subgroups, with 193 images 
from the first group (50-69 years), and 187 images from the second group (70-89 
years). 
As a first step, these images were down sampled to 778 x 519 pixels using bi-
cubic interpolation, the output pixel values were averaged in the nearest 4-by-4 
neighbourhood. This was done to reduce the computational complexity and make the 
resolution comparable with other similar studies (Gang, Chutatape et al. 2002; 
Soares, Leandro et al. 2006). Only the inverted green channel of the retina image was 
used for the analysis (Soares, Leandro et al. 2006; Rangayyan, Oloumi et al. 2007; 
Osareh and Shadgar 2009). 
The ROI was obtained by taking a 150-pixel radius from the centre of the optic 
disk, as manually identified, and it was selected empirically from observation where 
the vessels are mostly visible. The image was cropped using a bounding rectangle of 
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size 300 x 300 pixels. The images were cropped to retain only ROI and to avoid 
analyzing unnecessary portions of the image. 
3.3 Vessel enhancement 
The next step is to ensure the analysis was not degraded by the influence of illumina-
tion, ocular media opacity and reduced contrast. The images were enhanced and 
represented as a three-dimensional surface using a wavelet transform, based on 
methods reported previously (Soares, Leandro et al. 2006; Rangayyan, Oloumi et al. 
2007; Osareh and Shadgar 2009). 
A directional matched filter with a Gabor wavelet as the kernel was used to en-
hance the vessel. Matched filter at a single scale was employed by maximizing the 
responses over a discrete set of kernel directions at every pixel. At each kernel 
direction, the response to the two-dimensional Gabor kernel will be computed. 
Gabor wavelet is defined as: 
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is a 2 x 2 diagonal matrix that characterizes its elongation in any intended direction.  
Based on the work of (Soares, Leandro et al. 2006), elongation   was fixed at 4 
and the vector of the horizontal and vertical frequencies, k0, was fixed to  3,00 k . 
The image was decomposed at five different scales with 8,7,6,5,4a , where a is the 
scale of decomposition of the wavelet transform. 
Maximum responses were obtained over 18 equally separated angles starting 
from 0 degree to 170 degrees. An example of this analysis is shown in Figure 3-1  
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(a) 
 
 
(b) 
 
(c) 
Figure 3-1. Steps for vessel enhancement. (a) Original retina image cropped about 
2.5 optic disk radii from optic disk centre. (b) Gabor wavelet at 0 degree orientation. 
(c) Surface of the maximum responses of the Gabor wavelet over 18 angles.  
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 which illustrates the original image (Figure 3-1(a)), the Gabor wavelet at 0 degree 
orientation (Figure 3-1(b)), and the surface of the enhanced vessels ((Figure 3-1(c)) 
when the green channel of the original image was enhanced to increase the contrast 
between the vasculature and  the background. 
3.4 Fourier fractal dimension (FFD) 
The discrete Fourier transform of the image ),( yxf  of size NN   is calculated as: 
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and the magnitude of the Fourier transform (M) of the image is given by: 
 
,  
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 (3-4)  
 
where F  was radially sampled from the centre of the image. The additive term 10-6 
was included to avoid log of zero. To obtain the FFD, M vs )log( frequency  was 
plotted to determine the FFD as shown in Figure 3-2. As suggested by (Russ 1994), 
the FFD is related to the slope of the plot,   as:  
 
2
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FFD .  (3-5)  
 
  37 
 
(a) 
 
(b) 
Figure 3-2. Calculating the Fourier fractal dimension. (a) Fourier transformation of 
the retina image. (b) The slope of the Magnitude vs Log (frequency) plot,  , is 
associated with Fourier fractal dimension by 2/)6( FFD . 
3.5 Effect with noisy images 
FFD robustness against noise was tested on images with known FFD. This image 
was added with noise models typically found in biomedical images, Gaussian, 
Poisson, and Salt and Pepper (Rangayyan 2005).  
As the first step for generating noisy images, 100 synthetic images of known 
FFD were generated. These synthetic images are based on the following relationship 
between spectral density )( fS  and frequency f :  
 
ffS )( .  (3-6) 
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The values of β corresponding to the spectral distribution random white noise, 
pink noise and Brownian noise are 0, -1 and -2, respectively. A white noise com-
prises of spatially independent amplitudes, pink noise exists in wide range of natural 
phenomena and brown noise matches a non-fractal deterministic Euclidean surface. 
The generation of these synthetic images follows the algorithm described by 
(Lennon 2000), which is defined as: 
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where Z  is an image of size nm  pixels with spatial coordinates  x  and y , )( ,vufS  
is the spectral density of frequency f , and the subscripts u  and v  are the frequency 
components in the x  and y  directions.   is the randomizing element which is 
chosen independently from a uniform distribution of angles 20 . The fractal 
dimension FD  is related to   as described in (7). Figure 3-3 illustrates the images 
generated through this process. 
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(a) 
 
(b) 
Figure 3-3 Synthetic fractal images that follow ffS )(  relationship. (a) Fractal 
dimension of 1.1. (b) Fractal dimension of 1.5. Notice that FFD increases with 
“coarseness”. 
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3.6 Effect of different allocation of ROI 
The identification of the optic centre of the image may affect the repeatability of 
the outcome. For this purpose, Monte Carlo simulation was used to obtain 100 
different optic centres and the resultant 100 different Regions of Interest (ROI). This 
was done to test the repeatability of the technique and its independence from the 
expertise of the graders. The error of locating the ROI was assumed to be Gaussian, 
which was also experimentally confirmed (Figure 3-4). The sum of squared residuals 
between the data points and the Gaussian function were minimised using the uncon-
strained non-linear optimisation technique. To model the error between different 
graders, 15 non-experts were asked to locate the Optic Disk Centre (ODC) from 
retina images after they had been given the definition of optic disk as an elliptical 
area which is brighter than its surrounding and as a convergence to the blood vessels, 
together with one example of the ODC. Custom-written software has been used for 
this purpose, the software received the x- and y- coordinates from the user and saved 
the locations in the form of a table. 
Based on the outcomes of the identification of the optic centre by the 15 lay per-
sons, the statistical error was computed:  
 
jijij X    where },{ yxX  ,  (3-8) 
 
where X  is (x, y) coordinate of the ODC specified by the non-expert grader, i,    is 
the mean location of ODC for image j and ij  is the error which is the Euclidean 
distance between the mean location of ODC and the ODC identified by grader i of 
image j. The histogram of ij  for the resulting 330 error distribution populated from 
the 15 graders inputs allocating ODC from randomly selected images is shown in 
Figure 3-4. The distribution can be fitted by a Gaussian function: 
 
)2/()( 22016.136)( xxexG  ,  (3-9) 
 
where ,844.00 x  051.6 . 
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Using Gaussian distribution (2), 100 Monte Carlo estimates of the optic centre 
were obtained for each image. This was done to determine the sensitivity of the 
technique to the selection of the location of the optic centre, and thus the dependence 
on the expertise of the person identifying the optic centre. Figure 3-5 describes three 
different ROIs generated by this technique. 
 
Figure 3-4. Histogram describes the error distribution of locating the ODC.  
The line represents Gaussian fitting of the distribution. 
 
 
 
Figure 3-5. Illustration of three different ROIs generated by  
Monte Carlo Simulation. Each circle corresponds to one ROI. 
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3.7 Effect of the angle of imaging 
Ideally, the retina image should be taken with the camera aligned with the opti-
cal axis of the eye. However, this requires additional modification to the existing 
setup. Variations in the angle can result in changes in the light intensity distribution 
and also cause shadow effects in the image, resulting in poor repeatability of the 
experiments. The technique proposed in this research work overcomes this shortcom-
ing because FFD is less sensitive to noise (Russ 1994), as it does not require the 
image to be binarized. 
To verify the improved repeatability of this technique, the 30 stereo pairs of ret-
ina images (n=60) were used. Each photo of the two in these pairs was taken using 
the same camera as described previously, from different photographic angles to 
obtain a stereo view of the image pairs. Figure 3-6(a) and Figure 3-6(b) were cap-
tured few seconds apart and the angle of imaging differs by approximately 7 degrees. 
 
 
(a) 
 
(b) 
Figure 3-6. Stereo image. (a) Retina image taken from the right to the optical axis.  
(b) Retina image taken from the left to the optical axis. 
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If the measurement of the images taken at right and left angles correlate, the 
technique can be considered to be insensitive to the relative angle between the 
camera optical axis and the eye optical axis. 
3.8 Efficacy test with age-based data 
To test the efficacy of this technique, age-based data were analyzed. The reduc-
tion in the complexity of the body has been recognized by Lipsitz and Goldberger 
(Lipsitz and Goldberger 1992). While reduction in FFD of the retina scan is expected 
with aging, FFD analysis of the retina using the box-counting approach has been 
unable to report significant reduction in the FFD with aging (Family, Masters et al. 
1989; Landini, Misson et al. 1993; Masters 2004). Experiments were conducted to 
obtain the FFD of the retina images using FFD and the significance of separation of 
the 2 classes was taken as a measure of the efficacy of this technique. 
 
3.9 Results 
Table 3-1 shows the correlation between the known and computed FFD of the 
noisy images. This table shows that there is a strong linear relationship between the 
two and thus validates the robustness of FFD measurement technique against noises. 
 
 
Table 3-1 
Pearson's Correlation Coefficient of the 
Noisy FFD with the Theoretical FFD 
Type of Noise 
Correlation 
Coefficient 
Gaussian 0.9908 
Poisson 0.9985 
Salt & Pepper 0.9805 
 
 
To assess the repeatability of different ROIs, 100 simulated optic disk centres 
were obtained from each of 380 images. Pair-wise Pearson’s correlation was per-
formed between these 100 FFDs, the resulting mean correlation coefficient (standard 
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deviation) is found to be 0.93 (0.005) after removing correlations of the same ele-
ments. 
 
 
Table 3-2 
Intra-graders Repeatability Experiment 
Method 
Number 
of 
Images 
Number 
of 
Graders 
Correlation 
box-
counting 
(Liew, Wang 
et al. 2008) 
60 
2 human 
graders 
0.93 
FFD 380 
100 
simulated 
graders 
0.93 
 
Figure 3-7 shows the heat map of the Pearson’s correlation of 380 FFD meas-
ured from 100 ROIs. The diagonals are the same ROI pair-wise correlations. Table 3-
2 compares FFD with the box-counting technique (Liew, Wang et al. 2008). 
 
Figure 3-7. Heat map shows pair-wise correlation of 380 FFD measurements over 
100 different ROIs. The diagonals are correlations of FFD from the same ROI (the 
mean correlation is 0.93 after removing the diagonals). 
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Table 3-3 
Reliability Experiment Using Stereo Images 
Vessel 
Segmentation/Enhancement 
Method 
Method to 
Estimate 
Complexity 
Correlation 
Nonlinear-orthogonal 
projection segmentation 
(Zhang, Hsu et al. 2009) 
Box-
counting 
0.57 [Centre for Eye Research 
Australia, personal 
communication, March 20, 
2010] 
Curvature-based retinal 
vessel segmentation (Garg, 
Sivaswamy et al. 2007) 
Box-
counting 
0.48 [Centre for Eye Research 
Australia, personal 
communication, March 20, 
2010] 
Gabor Wavelet supervised 
segmentation  (Soares, 
Leandro et al. 2006) 
Box-
counting 
0.61 
Gabor Wavelet 
enhancement (scale 4) 
FFD 0.65 
Gabor Wavelet 
enhancement (scale 5) 
FFD 0.64 
Gabor Wavelet 
enhancement (scale 6) 
FFD 0.60 
Gabor Wavelet 
enhancement (scale 7) 
FFD 0.74 
Gabor Wavelet (scale 8) FFD 0.55 
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The comparison of the reliability experiment on the stereo image for methods 
that implemented FFD and box-counting methods that requires vessel segmentation 
is shown in Table 3-3. The FFD box-plot of the two age classes is shown in Figure 3-
8. The box-plot demonstrates a measurable reduction in FFD, with a significant 
difference between the two classes (p < 0.0001). This is consistent with findings of 
reduced complexity associated with aging in other parts of the body (Lipsitz and 
Goldberger 1992; Goldberger, Amaral et al. 2002; Goldberger, Peng et al. 2002). 
Table 3-4 compares our result with box-counting techniques previously reported 
from the literature (Landini, Misson et al. 1993; Masters 2004). D0, D1, and D2 
correspond to the box-counting technique measured at 50 to 3200 microns, 50 to 250 
microns, and 250 to 3200 microns respectively. 
 
 
Figure 3-8. Fourier fractal dimension for the two age groups (n=380). 
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Table 3-4 
Statistical Significance of Advanced Aging with Complexity 
Method Pearson’s 
Correlation 
Coefficient, r 
P-Value 
Box-counting on skeletonized vessel D0 
(Landini, Misson et al. 1993) 
-0.2017 0.3561 
Box-counting on skeletonized vessel D1 
(Landini, Misson et al. 1993) 
-0.1270 0.5636 
Box-counting on skeletonized vessel D2 
(Landini, Misson et al. 1993) 
-0.0582 0.7919 
Box-counting on vessel tracing  
(Masters 2004) 
0.5061 0.1356 
Box-counting on vessel width  
(Liew, Wang et al. 2008) 
-0.4200 <0.0001 
FFD -0.4500 <0.0001 
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3.10 Summary 
Previously reported excellent vessel segmentation techniques were tested on a dataset 
with less variation in illumination (Soares, Leandro et al. 2006; Garg, Sivaswamy et 
al. 2007; Zhang, Hsu et al. 2009). When the automated vessel segmentation method 
was tested on a dataset with more variation, there is still a need for manual segmenta-
tion which is expensive and the outcomes are dependent on the expertise of the 
graders (Liew, Wang et al. 2008). This method does not require segmentation and 
thus has overcome the earlier shortcoming. Not requiring any segmentation makes 
the analysis of large datasets possible. This had not been possible due to the need for 
expert graders. It also makes the outcomes more reliable, as they are not dependent 
on the graders’ expertise. 
A reliable method to measure the fractal dimension of retina images has been 
developed and tested. This includes the pre-processing of the retina image to improve 
its quality using wavelet transformations, and the use of the Fourier fractal dimension 
(FFD) to obtain the FFD of the image without requiring the binarization of the image. 
The technique was first validated using synthetic noisy images. The results show a 
very close correlation between the known and computed noisy FFD (Table 3-1). This 
confirms the robustness of FFD against noise. 
The main advantage of our method is that it is not dependent on the expertise of 
the graders to locate the optic centre (Figure 3-9 and Table 3-2). This is due to two 
factors. The first is that the appropriate choice of wavelet functions for matched 
filters reduces the impact of local differences that happen due to the change in the 
optic centre location. The second is that, because FFD does not require segmentation 
of the vessels, there is no need for a global threshold, and thus the difference due to 
small variations in the optic centre has little difference in the outcome. Experiments 
with 100 variations of the retina image region of interest generated using Monte 
Carlo simulation has demonstrated that the outcome is not sensitive to the difference 
in the identified location of the optic centre.  
Experiments were conducted to test the impact of the angle between the camera 
and the optical axis. Changes in this angle cause variations in the brightness of the 
image (Figure 3-6) and can also change the direction of shadows in the image. There 
is a large impact from these shadows when the image is binarized and vessels that are 
segmented in the image from one angle may be missed from another angle. The 
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results of the experiments (Table 3-3) demonstrate that the outcomes are more 
repeatable and less sensitive to the angle between the camera and the optical axis of 
the eye. This is because FFD does not require the segmentation of the image and 
there is no global threshold. Thus, the impact of the angle of the camera, which 
results in variations in the local conditions in the image, is not large.  
This method is more sensitive to detect the change (reduction) in the FFD with 
age, while the box-counting approach was unable to identify this change (Family, 
Masters et al. 1989; Landini, Misson et al. 1993; Masters 2004). The results of 
experiments conducted using 380 retina images demonstrate that this technique is 
able to identify the difference in complexity measured as a fractal dimension between 
the two age classes (Figure 3-8 and Table 3-4). Our technique has experimentally 
validated the expected decrease in FFD with aging (Lipsitz and Goldberger 1992; 
Goldberger, Amaral et al. 2002; Goldberger, Peng et al. 2002).  
The novelty of this technique lies in the use of FFD on greyscale retina images, 
eliminating the binary segmentation of the vessel network which is prone to error, 
whether carried out by human experts or by automated algorithms. This is evident 
when comparing the employed FFD and the box-counting methods: (a) the better 
reliability of FFD with a higher correlation of 0.74, and (b) the consistent finding of a 
statistically significant reduction of complexity with aging (p < 0.0001). 
Chapter 4, “Validating greyscale fractal analysis” further validates the method-
ology based on a population-based database, the Blue Mountains Eye Study, which 
comprises more than 3,500 retina images. 
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Chapter 4  
 
Validating greyscale fractal analysis 
4.1 Introduction 
This chapter covers the applications of the greyscale fractal analysis quantified as 
based on the Fourier fractal dimension (FFD) feature which has been explained in 
Chapter 3, “Quantifying complexity with greyscale fractal analysis”. The following 
applications of this technique are examined: 
 Detecting age-related retinal changes with greyscale fractal analysis. 
 Retinal stroke prediction with greyscale fractal analysis. 
 Association of other clinical parameters with greyscale fractal analysis in 
a masked experiment using population data. 
At the end of this chapter, a methodology is introduced to quantify retina image 
complexity at different scale levels, an alternative to the FFD enhanced at single-
scale wavelet, as described previously in Chapter 3. 
4.2 Detecting age-related retinal changes with greyscale fractal 
analysis 
4.2.1 Introduction 
This study aims to test the hypothesis that there is a reduction in complexity in the 
retinal vessel structure associated with aging, by measuring the complexity using 
FFD in a large sample with retinal photographs available. 
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4.2.2 Materials 
The data were collected from the Blue Mountains Eye Study, a population-based 
cohort study of eye diseases and other health outcomes in a suburban Australian 
population (aged 49+ years) (Mitchell et al., 1995; Wang et al., 2003). 
After pupil dilation, 30 degree field retinal photographs were taken using a Zeiss 
FF3 fundus camera. Optic disk-centred images were then digitized using a Canon 
CanoScan FS2710 slide scanner (Canon Corporation, Tokyo, Japan), with 24-bit 
colour and a maximum resolution of 2,720 dpi without enhancement. An age-
stratified sample of 400 healthy subjects (i.e., persons without diabetes or hyperten-
sion) was randomly selected from four age groups (50-59, 60-69, 70-79 and 80-89 
years, respectively), each consisting of 50 men and 50 women. Of the 400 subjects 
(800 eyes), 20 right (5%) and 32 left (8%) eye images were excluded, as the photo-
graphs were missing or ungradable. 
The images were subsequently submitted for FFD calculation as described in 
Chapter 3, “Quantifying complexity with greyscale fractal analysis”. 
4.2.3 Statistical analysis 
Comparisons of FFD among the four age groups were analyzed using 1-way 
ANOVA. Values of p < 0.05 were considered statistically significant. To observe the 
classification performance for prediction by age according to FFD, a dichotomous 
separation of two age groups was used: Group 1 aged 50-69 years and Group 2 aged 
70-89 years. Sensitivity (correct prediction of true positive cases) and specificity 
(correct prediction of true negative cases) were determined using a ROC curve on 
these two age groups with an interval of 20 years. Data from right and left eyes were 
presented separately. 
4.2.4 Results 
The FFD data were normally distributed (Kolmogorov-Smirnov test, p > 0.05): the 
means were 1.511 (standard deviation of 0.030) and 1.506 (standard deviation of 
0.030) for left and right eyes respectively. The means (+/- standard deviation) of the 
FFD for the four age groups are shown in Figure 4-1. This demonstrates a linear 
decline in FFD with increasing age, regardless of whether data from right or left eyes 
were used. 
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Figure 4-1. Fourier fractal dimension for the four age groups (n=748).  
 
The decreasing trend in the FFD of the retinal vasculature associated with aging 
was statistically significant (p < 0.0001 with 3 degrees of freedom). The difference in 
mean FFD was highly significant when comparing the two age groups with a 20-year 
interval (age groups 50-69 years vs 70-89 years). Using a linear model to estimate the 
slope, the FFD decreased by 0.01 with each increasing decade of age. 
The ROC curve (Figure 4-2) analysis for the separate age groups 1 and 2 showed 
a good classification performance for data from both left and right eyes, with meas-
urements of the area under the curve (AUC) of 0.802 and 0.777, respectively, for the 
 two eyes (p < 0.0001, compared with the reference (green line) for AUC = 0.5).  
The sensitivity and specificity for left and right eyes were 0.729 and 0.722, and 
0.720 and 0.674, respectively. The cut-off values for the two age groups were 1.515 
for the left and 1.506 for the right eye data. This shows that at these cut-off points, 
maximum separation between the two age groups can be obtained, and could indicate 
the point when retinal physiological change becomes more apparent. 
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(a) 
 
(b) 
Figure 4-2. Receiver Operating Characteristic (ROC) curves classifying  
age group 1 (50 to 69 years) from age group 2 (70 to 89 years). (a) ROC curve of 
the left eye, (b) ROC curve of the right eye. 
  54 
4.3 Retinal stroke prediction with greyscale fractal analysis 
4.3.1 Introduction 
Stroke cases are expected to rise further, surpassing other diseases as the most 
common cause of death in adults (Rothwell, Coull et al. 2005; Baker, Hand et al. 
2008). Traditional predictors for stroke include hypertension, diabetes, the body mass 
index, smoking, total cholesterol, HDL cholesterol, and triglycerides (Lloyd-Jones, 
Adams et al. 2010). However, the current predictors are not able to explain a signifi-
cant number of stroke cases (Varona, Guerra et al. 2007; Baker, Hand et al. 2008), 
which are categorized as cryptogenic, stroke events that cannot be attributed to any 
specific cause. 
The retina is an extension of the brain, therefore changes in the cerebral vessel 
may alter structures in retinal vessels (Patton, Aslam et al. 2005). The non-invasive 
nature of retina imaging has opened a unique window into human brain function and 
perfusion physiology. Recent studies show associations between retinal vascular 
changes and either small infarcts detected on brain imaging, or with clinical stroke 
(Mitchell, Wang et al. 2005). The retinal vascular fractal dimension has been used as 
a global measure of the geometric pattern of the vasculature (Liew, Wang et al. 2008) 
potentially representing the complexity of the branching pattern of vessels in the 
body, including the cerebral microvasculature. A loss of complexity in the cerebral 
microvasculature may lead to limited collateral formation at cerebral infarction sites 
(Doubal, MacGillivray et al. 2010). To date, studies have reported cross-sectional 
associations between the retinal fractal dimension and lacunar stroke (Cheung, Liew 
et al. 2010; Doubal, MacGillivray et al. 2010). However, no prospective data are 
available about the relation of the retinal fractal dimension and the incidence of 
stroke. 
A limitation of retinal vessel measurement is measurement noise in segmenta-
tion; therefore it is important to have developed a method to use the Fourier-
transformed images to assess the Fourier fractal dimension (FFD) of the retinal 
vasculature (Azemin, Kumar et al. 2011; Azemin, Kumar et al. 2012). With this new 
measurement, the detection of vasculature changes that may signal a risk of future 
stroke was expected. In this study, the association between baseline FFD and stroke 
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incidence using a case-control sample nested in the Blue Mountains Eye Study 
(BMES) cohort was examined. 
4.3.2 Materials 
The BMES is a population-based cohort study of an urban Australian population 
aged 49 years or older (n=3,654), representing 82.4% of the eligible population in a 
defined two-postcode area of the Blue Mountains region, Australia (Mitchell, Wang 
et al. 2005). Written informed consent was obtained from all participants at enrol-
ment. 
Stroke cases were defined among participants who had no history of stroke at 
baseline (1992-94) but who developed incident stroke over the subsequent 5 years 
(1997-99), or who had died from stroke or stroke-related causes in the period up to 
December 31, 2005. The definitions used to identify stroke events and mortality are 
shown in Table 4-1. 130 cases were identified with either a stroke event or stroke-
related mortality: however, 26 persons were excluded due to missing photographs or 
clinical information on hypertension or diabetes. As a result, 21 stroke events and 86 
stroke-related deaths were included, together with 3 persons who overlapped both 
areas, which gave a total of 104 cases. Two controls per case were selected from the 
remaining participants matched for age, gender, diabetes, and hypertension status. Of 
these, 97.1% (101/104) cases and 88.5% (184/208) controls had digitized, baseline 
retinal photographs of sufficient quality to enable FFD assessment. 
The images were subsequently submitted for FFD calculation as described in 
Chapter 3, “Quantifying complexity with greyscale fractal analysis”. 
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Table 4-1. 
Definitions used to identify stroke events and mortality. 
Stroke outcomes Definition 
Stroke events 
Stroke events were defined if persons who were free from stroke 
at a baseline examination in 1992-94 and reported having a stroke 
during the five following years at a follow-up examination in 
1997-9. These persons were all cross-checked from a local 
hospital or doctors’ private clinics. The diagnoses of stroke were 
based on the World Health Organization Monitoring Trends and 
Determinants in Cardiovascular Disease (MONICA) criteria and 
confirmed from computed tomography (CT) or magnetic reso-
nance imaging (MRI) scans. 
Stroke mortality 
Stroke mortality was defined if persons died of cerebrovascular 
related diseases between the baseline and December 31, 2005. 
Causes of death were collected from death certificates and pro-
vided via linkage with the Australian National Death Index data; 
cerebrovascular related death was coded when the International 
Classification of Diseases 9 (ICD-9) were 4309, 4319, 4321, 
4332, 4340, 4341, 4349, 4369, 4370, 4373, 4379, 4389 and 4409, 
or ICD 10 for I619, I633, I634, I639, I64, I694 and I698. 
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4.3.3 Statistical analysis 
Statistical analysis was conducted by Dr. Ryo Kawasaki from the Centre for Eye 
Research, Australia. The following procedures were used to generate results in Table 
4-3. Odds ratio (per standard deviation change) provides an estimate of the associa-
tion between a predictor (i.e., classifier) and incident stroke as normally cited in the 
medical journals (Baker, Hand et al. 2008). For example, the value of 1.883 is 
interpreted as, for every change in standard deviation, an estimated 88.3% increase in 
the odds of incident stroke. Statistical significance is assumed if the confidence 
interval does not include 1. 
FFD measures from the left eye were used, given the modest correlation between 
two eyes (r=0.63). Conditional logistic regression models were constructed to 
determine the odds ratio (OR) and 95% confidence intervals (CI) for each SD de-
crease in FFD or for lower quartiles: unadjusted (Model 1) or adjusted for stroke risk 
factors (Model 2: body mass index, smoking, total cholesterol, high-density-
lipoprotein cholesterol, and triglycerides; Model 3: plus systolic blood pressure and 
glucose level; and Model 4: plus age). A stepwise selection method was applied in 
Model 4 to identify significant risk factors for incident stroke. These statistical 
adjustments are necessary to observe the impact of adding FFD in the current stroke 
risk factors. Model 1 investigates the effect of FFD as the only risk factor to predict 
stroke event regardless of other risk factors. Model 2 explores the possibility of FFD 
as a stroke predictor independent of key conditions of obesity and smoking. Model 3 
and Model 4 further examine whether incremental prediction can still be obtained by 
including FFD along with strong risk factors for stroke. 
4.3.4 Results 
Overall the mean age was 73.8 (Standard Deviation [SD] 8.2) years, 58% were 
female, 49.5% were hypertensive and 4.6% had diabetes. There were no significant 
differences in the matched characteristics or other stroke risk factors between cases 
and controls (Table 4-2). The mean FFD was 1.509 (SD 0.026).  
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Table 4-2. 
Comparison of characteristics of stroke cases and matched controls. 
 Controls (n=184) Stroke cases (n=101)  
Matched characteris-
tics 
Mean (SD) 
Mean (SD) 
p-value 
Age, years 73.6 (8.1) 74.0 (8.5) 0.73 
 n (%) n (%)  
Gender, male 78 (41.7%) 42 (41.6%) 0.98 
Hypertension, present 89 (47.6%) 52 (51.5%) 0.13 
Diabetes, present 7 (3.7%) 6 (5.9%) 0.39 
Other clinical charac-
teristics 
Mean (SD) 
Mean (SD) 
p-value 
Systolic blood pres-
sure, mmHg 
154.5 (25.7) 152.7 (22.7) 0.55 
Diastolic blood pres-
sure, mmHg 
82.6 (10.7) 83.5 (10.9) 0.51 
Fasting plasma blood 
glucose, (mmol/L) 
5.0 (1.3) 5.1 (4.3) 0.98 
Body mass index 
(kg/m2) 
24.9 (3.6) 25.0 (4.3) 0.99 
Total cholesterol 
(mmol/L) 
6.0 (1.0) 6.1 (1.1) 0.34 
HDL choresterol 
(mmol/L) 
1.49 (0.46) 1.48 (0.50) 0.86 
Triglycerides 
(mmol/L) 
(Median and Inter-
quartile range) 
1.5 (1.2 - 2.1) 1.4 (1.1-1.8) 0.08 
 n (%) n (%)  
Current smoker 16 (8.6%) 13 (12.9%) 0.25 
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Central Retinal Artery 
Equivalent (μm) 
159.2 (1.1) 159.7(1.6) 0.77 
Central Retinal Vein 
Equivalent (μm) 
237.7 (1.8) 236.1 (2.6) 0.62 
 
Mean (95%  
Confidence Interval) 
Mean (95%  
Confidence Interval) 
p-value 
FFD of retinal vascular 
pattern 
1.511 (1.507, 1.515) 1.504 (1.499, 1.510) 0.044 
 
HDL: High-Density Lipoprotein. FFD: Fourier fractal dimension. Data are expressed 
as numbers (%) or means and standard errors. 
 
Table 4-3 
Association of the spectrum fractal dimensions of the retinal image (FFD) and cumu-
lative indent stroke event and mortality. 
 
Cumulative 
Incident Stroke 
(%) 
Model 1 Model 2 Model 3 Model 4 
Odds ratio 
(95%CI) 
Odds ratio 
(95%CI) 
Odds ratio 
(95%CI) 
Odds ratio 
(95%CI) 
Per 1SD decrease (-
0.02) in FFD 
- 
1.39 
(1.06, 
1.83) 
1.41 
(1.05, 
1.90) 
1.42 
(1.05, 
1.92) 
1.36 
(1.00, 
1.84) 
FFD in the largest 
quartile 
(Q4; FFD >1.527) 
20/72 (27.8%) 
1.0 
(Refer-
ence) 
1.0 (Refer-
ence) 
1.0 
(Refer-
ence) 
1.0 (Refer-
ence) 
FFD in the 3rd quartile 
(Q3; FFD = 1.511-
1.526 
25/71 (35.2%) 
1.67 
(0.77, 
3.64) 
1.66 
(0.72, 
3.79) 
1.65 
(0.72, 
3.78) 
1.51 
(0.65, 
3.51) 
FFD in the 2nd quartile 
(Q2; FFD = 1.494 – 
1.510 
26/71 (36.6%) 
1.66 
(0.80, 
3.44) 
1.58 
(0.72, 
3.46) 
1.58 
(0.72, 
3.47) 
1.36 
(0.60, 
3.05) 
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FFD in the smallest 
quartile 
(Q1; FFD <1.494) 
30/71 (42.3%) 
2.30 
(1.06, 
4.97) 
2.42 
(1.04, 
5.62) 
2.43 
(1.04, 
5.68) 
2.13 
(0.90, 
5.04) 
 
Model 1: Unadjusted simple logistic regression. 
Model 2: Adjusting for body mass index, smoking, total cholesterol, HDL choles-
terol, and triglycerides. 
Model 3: Adjusting for variables in Model 2+ systolic blood pressure and glucose 
level. 
Model 4: Adjusting for variables in Model 3 + age.  
95% CI: 95% confidence interval.  
FFD: Fourier fractal dimension of the retinal vasculature. 
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Cases had significantly smaller FFD (1.504) compared to controls (1.511; 
p<0.05). Each SD decrease in baseline FFD was associated with a 40% greater risk 
of stroke (OR 1.39, 95%CI 1.06-1.83). This remained statistically significant after 
adjusting for stroke risk factors (Model 4: OR 1.36, 95% CI 1.00-1.84). Persons in 
the smallest quartile of FFD (<1.494) were twice more likely to have a subsequent 
stroke than those with the largest quartile (>1.527) (stroke incidence 42.3% vs 
27.8%; OR 2.30, 95% CI 1.06-4.97) (Table 4-3). This association remained signifi-
cant after adjusting for body mass index, smoking, total cholesterol, HDL 
cholesterol, and triglycerides (Model 2: OR 2.42, 95% CI 1.04-5.62), or further 
adjusting for systolic blood pressure and glucose (Model 3: OR 2.43, 95% CI 1.04-
5.68). However, it became attenuated after further adjusting for age (Model 4: OR 
2.13, 95% CI 0.90-5.04). Using the stepwise backward selection method, the incre-
mental (per SD decrease) in the FFD was the only significant factor that remained. 
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4.4 Masked experiment of the population data 
4.4.1 Introduction 
Key components to determine the level of quality of a diagnostic study include the 
size of the sample and how much the reference standard is masked to the experi-
menter. Both small sample size and avoidance of masking can introduce bias and 
compromise objectivity. A large sample size is needed to overcome the random 
effects of chance and masking the experimenter from the clinical data, and this 
ensures that the results are not influenced subconsciously. 
To achieve the highest standard of scientific rigor in clinical marker assessments, 
FFD methodology (Chapter 3, “Quantifying complexity with greyscale fractal 
analysis”) has been validated on a population data with the experimenter masked 
from the clinical data. This section presents the preliminary results of the population 
study analysed by an independent expert. 
4.4.2 Materials and methods 
The proposed FFD methodology has been tested on 3,546 gradable baseline images 
of the Blue Mountains Eye Study (described previously in sections 4.2.2 and 4.3.2): 
the experimenter was not aware of the clinical data, only the identification numbers 
of the subjects were given (e.g., BMES10010).  
The images were subsequently submitted for FFD calculation as described in 
Chapter 3, “Quantifying complexity with greyscale fractal analysis”.  
4.4.3 Results 
The statistical analysis was done independently by an expert from the Centre for 
Vision Research, Westmead Millennium Institute, University of Sydney. The mean 
+/- standard deviation was 1.516 +/- 0.027 with the minimum of 1.388 and maximum 
of 1.608. Table 4-4 summarizes the FFD data and its association with other clinical 
parameters. 
The preliminary analysis of FFD in the whole population study indicates that the 
results of aging and stroke were consistent with the randomly selected subsample 
studies (Section 4.2, “Detecting age-related retinal changes with greyscale fractal 
analysis” and Section 4.3, “Retinal stroke prediction with greyscale fractal analy-
sis”). In addition to that, FFD was also found to be able to predict death caused by 
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coronary heart disease as associated with height, diabetes, haematocrit, haemoglobin, 
and post-cataract surgery. 
Compared with other computer-generated retinal features, FFD was found to be 
positively correlated (p<0.0001) with Central Retinal Arteriole Equivalent, Central 
Retinal Venule Equivalent and the box-counting fractal dimension. 
 
Table 4-4 
Fourier fractal dimension  (FFD) and Associations with other Clinical Parameters 
Physiological factors/conditions Comment 
Age 
very strong negative association: 
correlation = -0.45 (p<0.0001), decreas-
ing with age from 1.530 in those <60 
years old to 1.493 in 80+ years old. 
Height (per 10cm) 
strong positive association: age–sex 
adjusted linear regression; beta=0.0025, 
p<0.0001 
Diabetes 
significant association: age-sex adjusted 
means: 1.521 (with diabetes) vs 1.516 
(without), p=0.0013. Also there is a 
weak positive association between FFD 
and glucose level: age–sex adjusted 
linear regression; beta=0.069 (per 
standard deviation), p=0.029. 
Haematocrit (per standard deviation) 
strong positive association: age–sex 
adjusted linear regression; beta=0.003, 
p<0.0001 
Haemoglobin (per standard deviation) 
strong positive association: age–sex 
adjusted linear regression; female - 
beta=0.0024, p<0.0001, male 
beta=0.0028, p<0.0001 
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Post-cataract surgery 
Eyes after cataract surgery vs no 
cataract surgery have significantly 
higher FFD; 1.522 vs 1.516 (age-sex 
adjusted p=0.008) 
Stroke mortality 
non-linear relationship detected: higher 
quartile of FFD (vs others) has protec-
tive effect; multivariate-adjusted 
Hazard Ratio – 0.57 (95%CI 0.34, 
0.94), p=0.026 
Coronary heart disease mortality 
non-linear relationship detected: higher 
quartile of FFD (vs others) has protec-
tive effect; multivariate-adjusted 
Hazard Ratio – 0.65 (95%CI 0.49, 
0.86), p=0.003 
Central Retinal Arteriole Equivalent 
positively correlated: correlation 
coefficient = 0.17 (p<0.0001) 
Central Retinal Venule Equivalent 
positively correlated: correlation 
coefficient = 0.17 (p<0.0001) 
Box-counting fractal dimension 
positively correlated: correlation 
coefficient = 0.21 (p<0.0001) 
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4.5 Retinal stroke prediction with multi-scale greyscale fractal 
analysis 
4.5.1 Introduction 
Medical images enhanced at different scales have been shown to give good results in 
mammogram enhancement (Li, Qian et al. 1999), tumor classification (Yoshida, 
Casalino et al. 2003), and lung nodule detection (Campadelli, Casiraghi et al. 2006). 
However, the studies of multi-scale analysis on retinal vasculature have been primar-
ily limited to vessel segmentation (Soares, Leandro et al. 2006; Osareh and Shadgar 
2009). 
In this study, a novel method was proposed to analyze retinal vasculature using 
FFD to extract the complexity of the retinal vasculature after the image was enhanced 
at different wavelet scales. Logistic function was used to fuse the outcomes at 
different scales to model the classifier for 5-year stroke prediction. The efficacy of 
this technique has been tested using standard pattern recognition performance 
evaluation, Receivers Operating Characteristic (ROC) analysis and medical predic-
tion statistics, and odds ratio. 
4.5.2 Materials 
This study reports the analysis of the data collected during the Blue Mountains Eye 
Study (BMES), a population-based cohort study of eye diseases and other health 
outcomes in a suburban Australian population (age range, 50-89 years) (Mitchell, 
Smith et al. 1995; Wang, Mitchell et al. 2003). After pupil dilation, 30-degree field 
retinal photographs were taken using a Zeiss FF3 fundus camera. Optic disc-centred 
images were then digitized using a Canon CanoScan FS2710 slide scanner (Canon 
Corporation, Tokyo, Japan), with 24-bit colour and a maximum resolution of 2720 
dpi without enhancement. This data set consists of more than 3000 subjects. 
Among those subjects, 104 cases with stroke events and mortality during the 10 
year follow-up and age-gender-hypertension-diabetes matched controls were se-
lected. Of the potential control subjects, 183 left eyes had retinal photographs 
gradable (89.7%) for the FFD analysis.  
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4.5.3 Multi-scale Fourier fractal dimension 
FFD were extracted at different Gabor wavelet scales instead of at a single scale 
described in Chapter 3, “Quantifying complexity with greyscale fractal analysis”. 
4.5.4 Logistic regression classifier 
The aim of this study is not to find the best fusion technique but to show that the 
fusion of multi-scale FFD analysis outperforms single scale FFD analysis regardless 
of the fusion method used. 
Logistic regression was used as an example of a classification tool to classify be-
tween stroke and control cases. It is a form of regression analysis to predict the 
outcome of a binary data (e.g., healthy vs. disease) based on predictor variables (data 
from multiscale features). The possible outcome is modelled as a function of the 
predictor variables using a logistic function. It is defined as: 
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where the variable z is defined as:  
 
kk FFDFFDFFDz   ...22110 , (4-2) 
 
and 0  is a constant and k ..., 21  are the regression coefficients of FFD at scale 1, 
FFD at wavelet scale 2, and FFD at wavelet scale k, respectively. The regression 
coefficient denotes the change in the logistic function for each unit change in FFD 
calculated on retina image enhanced at a specific scale. 
4.5.5 Statistical analysis 
To obtain a fair comparison between single-scale FFD and multi-scale FFD, hold-out 
validation was used. For multi-scale FFD, the samples were divided into 60% 
training and 40% testing samples. Likewise, for single scale FFD, the performance 
was only measured using the 40% testing samples but without any training.  
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The best multi-scale FFD was selected using a ten times 10-fold cross-validation 
technique to avoid sampling bias. It divides the data set randomly into ten equally-
sized disjoint partitions. Each partition is then used for testing the classifier model, 
and the remaining 9 partitions are used as training data. To improve the performance 
estimate, the procedure was repeated ten times, and the performance results were 
averaged. ROC analysis was used to calculate the area under the curve (AUC), 
sensitivity, specificity and optimal threshold. The point closest to False Positive 
Rate=0% and False Negative Rate=0% in the ROC curve was defined as the optimal 
threshold. 
The AUC is defined as the Area Under the ROC Curve, which plots the true 
positive rate against the false positive rate. An AUC of 1 indicates a perfect classi-
fier, and an AUC under 0.5 indicates a poor classifier. 
Sensitivity is defined as: 
 
Sensitivity = TP / P × 100, (4-3) 
 
where TP is true positive; when the classifier correctly classified the actual positive 
outcome P at the optimal threshold.  
 
Specificity=TN / N × 100,  (4-4) 
 
where TN is true negative; when the classifier correctly classified the actual negative 
outcome N at the optimal threshold. 
Odds ratio (per standard deviation change) was also included in the result to 
provide a clearer estimate of the association between a predictor (i.e., classifier) and 
incident stroke as normally cited in medical journals (Baker, Hand et al. 2008). For 
example, the value of 1.883 is interpreted as, for every change in standard deviation, 
an estimated 88.3% increase in the odds of incident stroke. Statistical significance is 
assumed if the confidence interval does not include 1. 
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4.5.6 Results 
Table 4-5 illustrates hold-out validation performance using 60% of the sample as a 
training data set and the other 40% as a testing data set. For the untrained classifier, 
the notation Gabor4_FFD denotes FFD analysis of retinal vasculature enhanced at 
wavelet scale 4. Similarly, for the supervised classifier, the notation Ga-
bor4_5_Logistic indicates a trained classifier using logistic regression to fuse FFD at 
wavelet scales 4 and 5. 
This validation approach was used to compare single scale classifiers and mul-
tiscale classifiers. According to Table 4-5, AUC and odds ratio gives consistent 
results, with correlation coefficient, r=0.9765. Multiscale classifiers give better 
performance except at the combination of scales 6 and 7.  
The ten times 10-fold cross-validation results with the average of specificity, 
sensitivity and AUC have been tabulated in Table 4-6. From this table, it is observed 
that Gabor5_6_7_Logistic classifier gives the best performance result with 
AUC=0.66 (specificity=72.52, and sensitivity=69.67).  
The results of Table 4-6 were used to populate (1-1) and (1-2) to obtain the best 
stroke prediction model using the proposed system, 
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where α0=28.9334, α5= 33.6550, α6= -61.1564 and α7= 8.8480. 
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Table 4-5. 
Hold-Out Validation Performance (Training=60%, Testing=40%). 
Classifier AUC Sensitivity Specificity 
Optimal 
Threshold 
Odds Ratio 
Per SD 
Change 
[95% 
Confidence 
Interval] 
Box-counting on vessel 
width  0.5701 61.54 61.76 1.4609 
1.0819 
[0.6757 
1.7321] 
Box-counting on skele-
tonized vessel  0.5807 58.97 64.71 1.1256 
1.2459 
[0.7754 
2.0019] 
Single-scale FFD 0.6478 66.67 58.82 1.5133 
1.8916 
[1.1174 
3.2024] 
Gabor4_5_Logistic  0.5483 38.46 82.35 0.5415 
1.3843 
[0.8427 
2.2738] 
Gabor4_6_Logistic  0.6757 74.36 61.76 0.4979 
1.9092 
[1.0833 
3.3647] 
Gabor5_6_Logistic  0.7187 76.92 61.76 0.5172 
2.5267 [ 
1.3884 
4.5985] 
Gabor6_7_Logistic  0.6388 76.92 50.00 0.4711 
1.8235 
[1.0836 
3.0685] 
Gabor5_6_7_Logistic  0.7119 79.49 61.76 0.5023 
2.5306 
[1.3938 
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4.5947] 
Gabor4_5_6_Logistic  0.6908 74.36 64.71 0.5062 
2.1400 
[1.1988 
3.8202] 
Gabor4_5_6_7_Logistic  0.6885 74.36 64.71 0.5112 
2.1499 
[1.2041 
3.8385] 
 
 
Table 4-6. 
10 x 10-Fold Cross-Validation Performance. 
Classifier AUC Sensitivity Specificity 
Optimal 
Threshold 
Gabor4_5_Logistic  0.58 67.83 65.10 0.5294 
Gabor4_6_Logistic  0.65 70.92 69.87 0.5206 
Gabor5_6_Logistic  0.65 75.14 66.46 0.5118 
Gabor6_7_Logistic  0.62 72.08 65.40 0.5238 
Gabor5_6_7_Logistic  0.66 72.52 69.67 0.5232 
Gabor4_5_6_Logistic  0.65 70.61 69.38 0.5309 
Gabor4_5_6_7_Logistic  0.64 71.97 65.78 0.5164 
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4.6 Summary 
This chapter has reported the applications of the greyscale fractal analysis based on 
the Fourier fractal dimension (FFD) described in Chapter 3, “Quantifying complexity 
with greyscale fractal analysis”. Using FFD to extract the retinal complexity at a 
single scale level, the decline of complexity was observed in the context of aging 
(Section 4.2, “Detecting age-related retinal changes with greyscale fractal analy-
sis”) and prior to the onset of stroke event (Section 4.3, “Retinal stroke prediction 
with greyscale fractal analysis”). Further analysis was conducted to observe other 
physiological factors and conditions that can affect FFD outcomes (Section 4.4, 
“Masked experiment using population data”). This chapter also described a potential 
improvement to the methodology described in Chapter 3, “Quantifying complexity 
with greyscale fractal analysis” by employing FFD at multi-scale levels. 
In section 4.2, a randomly selected subsample from a representative older popu-
lation was tested and confirmed the hypothesis of reduced complexity of the retinal 
vasculature with aging, using FFD to represent the complexity. It is estimated that for 
each decade of increase in age, the average reduction in FFD was 0.01. A higher FFD 
indicates greater complexity. Our finding confirms that the aging-complexity theory 
that has been observed for other body systems also applies to the retinal vasculature, 
and suggests rarefaction of the retinal vasculature associated with aging. 
The finding in the aging experiment differs from earlier reports that did not find 
any correlation between age and FFD of retinal vessels (Family et al., 1989; Masters, 
2004). This discrepancy could be attributable to the improved methodology used in 
our experiment. The use of a three-dimensional representation of the vasculature 
together with the FFD, rather than the box-counting method, has eliminated the need 
for vessel segmentation and thus minimized potential error sources. In addition, 
different cropped areas used to estimate FFD (either a macula- or optic disk-centred 
field image), while this is not needed for FFD estimates, could also have contributed 
to this dissimilarity in findings. A direct implication of this study’s findings would be 
the consideration of an age effect when assessing the FFD of the retinal vasculature, 
so that either normalization (standardization) of the data or adjustment for age in 
statistical models would be needed when assessing associations of FFD with diseases 
of interest. 
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One of the limitations of this aging study is that all study subjects were older 
than 49 years at the time that the retinal photographs were taken, and so represent a 
relatively narrow age spectrum. Further work is needed to include younger subjects 
and those with broader demographic characteristics, to fully appreciate the effects on 
FFD from these other factors.  
In section 4.3, low FFD of retinal vasculature was found to be associated with a 
two-fold risk of incident stroke compared to persons with high FFD, independent of 
stroke risk factors. Previous cross-sectional studies found inconsistent findings 
between retinal vascular fractal dimensions and lacunar stroke (Cheung, Liew et al. 
2010; Doubal, MacGillivray et al. 2010). Cheung et al. has concluded that increased 
fractal dimension is associated with lacunar stroke, while Doubal et al. has shown 
that decreased branching complexity measured with the fractal dimension is linked 
with lacunar stroke. In contrast to earlier findings, this study was able to detect stroke 
incidence 10 years  prior to the events, although limitations were present, including 
potential selection bias from excluding cases with poor quality images, and the lack 
of stroke subtype information. The detectable change could be attributable to the 
novel FFD methodology devised based on the analysis of retina scans at greyscale 
level. 
In section 4.4, FFD has been found to be correlated (p<0.0001) with the other 
retinal features: low correlation coefficients (rho<0.30) indicate FFD may reflect 
different functional changes that accompany a particular disease (i.e., pathophysiol-
ogy). While this study supports the concept that structural retinal microvascular 
changes may represent a subclinical biomarker of stroke and aging, what FFD 
changes indicate in the context of stroke and aging pathophysiology remain unclear. 
It is speculated that reduced FFD indicates reduced complexity in the branching 
pattern of the microvasculature, leading to a reduction in perfusion and a limited 
ability to form collaterals, which could increases vulnerability to cerebral hypoxia 
(Azemin, Kumar et al. 2012). 
In section 4.5, a methodology has been introduced at the end of this chapter to 
quantify retina images at different scale levels using FFD, an alternative to the FFD 
enhanced using single-scale wavelets as described in Chapter 3, “Quantifying 
complexity with greyscale fractal analysis”. The fusion of FFD at different scales 
generally results in better performance than at a single scale (Table 4-5). This con-
firms our earlier hypothesis that additional information can be obtained at different 
  73 
scale levels. A stroke prediction model was then estimated from the results in Table 
(Table 4-6).  
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Chapter 5  
 
Loss of calibre information during vessel 
segmentation 
5.1 Introduction 
Studies have revealed the direct relationship between disease and vessel calibre 
(Wong, Islam et al. 2006). Accurate vessel diameter measurement is essential, 
especially for small vessel disease (Baker, Hand et al. 2008). This chapter addresses 
the second hypothesis that the vessel diameter measurement precision can be im-
proved when analysed at the greyscale level instead of using the edges from the 
vessel segmentation. The chapter proceeds by explaining the existing techniques and 
related issues. It then outlines the methodology employed to measure the vessel 
diameter at the greyscale level. This research work uses the same benchmark dataset 
REVIEW, which has been used by the previous researchers (Al-Diri, Hunter et al. 
2009; Xu, Niemeijer et al. 2011). 
 
5.2 Background 
To obtain the accurate calibre measurements, there are two general approaches: 
segment the vessels and measure the diameter (Gao, Bharath et al. 2000; Hoover, 
Kouznetsova et al. 2000; Chapman, Witt et al. 2001), and to measure the diameter 
from the greyscale images (Chapman, Witt et al. 2001; Al-Diri, Hunter et al. 2009; 
Xu, Niemeijer et al. 2011). 
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While there is a claim that vessel segmentation does not solve diameter meas-
urement problems (Al-Diri, Hunter et al. 2008), it has not been proven 
experimentally. This is essential for obtaining the diameter of specific vessels, such 
as for small vessel disease (Baker, Hand et al. 2008). The aim of this work is two-
fold: first, to prove that the resulting edges from a good vessel segmentation are not 
precise enough for diameter measurement, and, second, to propose a method for 
compensating for the imprecision in the calibre measurement from the segmentation. 
It is hypothesized that global segmentations will result in the loss of information 
when measuring vessel diameter. In this work, a new vessel diameter estimation 
technique that overcomes the above shortcoming is proposed and tested. It incorpo-
rates a combination of twin-Gaussian and single-Gaussian models to fit the enhanced 
vessel cross-sections and uses a non-parametric approach to determine the edges of 
the vessels. It was tested on more than 5000 cross-sections from normal and patho-
logical public datasets. The results from the proposed technique were compared with 
the results obtained after vessel segmentation and with other state-of-the art methods. 
5.3 Methods 
The retina images were first enhanced to highlight the vessel network. To study the 
impact of binarization to the edges of the vessels the images were also thresholded at 
a fixed value as described in Figure 5-1. The resulting enhanced and binary images 
were then submitted to the diameter measurement algorithms. 
 
Figure 5-1. General framework of this study: the blood vessel diameters were ob-
tained from the segmentation and greyscale images. 
Retina Image 
Vessel 
Enhancement 
Global threshold 
Vessel Segmentation 
Binary edges as diameter 
Fitting with Gaussian/Twin Gaussian 
Peaks of second order 
derivative as diameter 
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5.3.1 Vessel enhancement 
Vessel enhancement is necessary to remove the variation of the background intensity 
and normalize the cross-sectional profiles of the vessels. The Frangi et al. (Frangi, 
Niessen et al. 1998) method is shown to be more robust against the central light 
reflex which normally exists in the retinal vessels (Figure 5-2). Based on this method, 
the vessels were enhanced, based on the analysis of the eigenvalues of the Hessian 
matrix. The algorithm first defines the L, which is the result of the convolution of 
image intensity, f, with a Gaussian function, g: 
 
),(*),(),( yxgyxfyxL  , (5-1) 
 
where (x,y) is the pixel location. The Hessian of an intensity image in scale space can 
be obtained at each point by convolving f with derivative-of-Gaussian kernel: 
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The resulting eigenvalues of the Hessian matrix, λ1 and λ2, were then used to calcu-
late the vesselness measure, according to Frangi (Frangi, Niessen et al. 1998): 
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where A is the ratio of the eigenvalues of the Hessian, 21 /  ,  S is the overall 
strength measure, 22
2
1   , which differentiates between the vessels and the back-
ground, and α and β are the constants. This enhancement technique is only dependent 
on a single parameter, the scale of the Gaussian, g(x,y). 
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(a) 
 
(b) 
Figure 5-2. Vessel enhancement techniques based on (a) a Gabor-wavelet 
matched filter, (b) a Hessian filter. Note that both vessels were enhanced at 
scale 2: when larger scales were used the edges became blurred and less 
sharp. 
 
5.3.2 Diameter measurement in binary images 
The global threshold in vessel segmentation images can be calculated using Otsu’s 
thresholding method (Otsu 1979). This method looks for the threshold of the pixel 
value that reduces intra-class variance (i.e., black and white pixels).  
The diameter was calculated based on a maximum distance between a pair of 
white pixels: 
 
||||max
}...1{,
ji
qji
xxDiameter 
  (5-4)
 
 
where i and j are any pair of white pixels and q is the maximum number of pixels in a 
single vessel cross-section. 
 
5.3.3 Diameter measurement in greyscale images 
To determine the appropriate function to represent the vessel profile, two possible 
functions were employed, to be fitted to the inverted enhanced vessel profile: 
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where x is the vessel intensity. The negative Gaussian represents the central light 
reflection, and a1 is the height of the Gaussian function, a2 is the spatial displace-
ment, and a3 is the spread of the Gaussian. Likewise, a4, a5, and a6 are similar to a1, 
a2, and a3 respectively, but for the negative Gaussian. No bias term was required 
because the vessel enhancement reduced the background variation. 
When central light reflex is present in the image, minimum root mean square er-
ror (rmse) was used to determine which function was most suitable to represent the 
vessel profile. rmse1 is the root mean square error for twin Gaussian while rmse2 is 
the root mean square error for a simple Gaussian function. 
The diameter of a vessel is the maximum distance between a pair of two peaks 
of the second order derivatives of the best model: 
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
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where i and j are any pair of peaks and q is the maximum number of peaks. Figure 5-
3 describes how the diameter is calculated. In this figure, the best fit was the twin-
Gaussian function (red line). 
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Figure 5-3. Diameter measurement based on the second order derivatives of the 
fitted model. Note that the diameter is defined as the maximum distance between a 
pair of two peaks. 
 
5.4 Materials 
The performance of the vessel segmentation was first validated using the DRIVE 
database (Staal, Abramoff et al. 2004). This database consists of 40 images: 20 
images in the training set and another 20 images in the test set, manually segmented 
by two experts. One of the manual segmentations is used as a “gold standard”. The 
validation with the vessel segmentation dataset is important to establish the perform-
ance of the currently used algorithm with regards to proving that vessel segmentation 
does not solve the diameter measurement problem. 
The diameter measurements were subsequently assessed on the diameter meas-
urement benchmark, REVIEW (Al-Diri, Hunter et al. 2008). This public database 
comprises of four datasets with “gold standard” sub-pixel accurate measurements of 
5066 vessel diameters from 193 vessel segments. These datasets were chosen be-
cause they represent the mixed quality of retina images, are generally well accepted 
and have been described and detailed in the literature (Al-Diri, Hunter et al. 2008). 
The datasets are summarized as follows: (1) the kick-point image set (KPIS) consists 
of good quality retina images, and the edges were determined by three observers 
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based on the kick-points present in the cross-sections of the vessels. The kick-points 
are normally observed in highly-focused retina images with sharp transition from the 
background intensity to the vessel edges. (2) The high-resolution image set (HRIS) 
represents a different severity of diabetic retinopathy. The abnormalities appearing 
near the vessel edges provide a challenge when trying to determine the vessel diame-
ter. (3) The Central Light Reflex Image Set (CLRIS) represents the exaggerated 
vascular light reflex, which appears as a small Gaussian in the middle of the vessel 
profile. (4) The Vascular Disease Image Set (VDIS) consists of noisy retina images 
that suffer from pathologies. The VDIS dataset provides a greater challenge to the 
diameter measurement due to its inherent variations. 
 
5.5 Results 
Table 5-1 compares the segmentation performance of the vessel enhancement 
technique used in this study. The segmentation result shows a comparable perform-
ance when compared to other state-of-the-art retinal vessel segmentation techniques. 
 
Table 5-1. 
DRIVE Dataset (Segmentation Performance) 
Methods Accuracy 
 
Kappa 
Area Under 
the Curve 
Chaudhuri (Chaudhuri, Chatterjee et 
al. 1989) 
0.88 0.34 0.79 
Martínez-Pérez (Martinez-Perez, 
Highes et al. 2002) 
0.92 0.64 - 
Jiang (Jiang and Mojon 2003) 0.92 0.64 0.91 
Gabor4 (Soares, Leandro et al. 2006) 0.92 0.66 0.93 
Al-Diri (Al-Diri, Hunter et al. 2009) 0.93 0.67 - 
Frangi’s Hessian (employed in this 
work) (Frangi, Niessen et al. 1998) 
0.93 0.69 0.94 
Zana (Zana and Klein 2001) 0.94 0.70 0.90 
Niemeijer (Niemeijer, Staal et al. 
2004) 
0.94 0.71 0.93 
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Staal (Staal, Abramoff et al. 2004) 0.94 0.73 0.95 
Human observer 0.95 0.76 - 
 
Table 5-2 compares the precision of the measurements. The definition of preci-
sion according to (Lowell, Hunter et al. 2004) has been adopted:  
  
)stdev( 1xxprecision i   (5-7) 
 
where xi is the diameters calculated by method i, and x1 is the “gold standard”. This 
metric assesses the consistency of the difference between the “gold standard” and the 
method being evaluated, with a smaller value of precision indicating a precise 
technique. Obs1, Obs2 and Obs3 are manual measurements from three human 
observers. The “gold standard” is the average measurement of the experts. 
Table 5-3 describes the accuracy of the measurements. Accuracy here is defined 
by the mean difference between the measured diameter and the gold standard: 
 
)mean( 1xxaccuracy i   (5-8) 
 
where x1 is the measurement of the “gold standard” and xi is the diameter measured 
by method i. The lower value of accuracy indicates an accurate system.  
A comparison of the precision results given in Table 5-2 indicates that there is a 
dataset-based wide variation in the precision of the measurements. The proposed 
method outperformed all other methods for VDIS dataset. For HRIS and CLRIS, it 
outperforms all techniques except ESP and a graph-based approach. For KPIS 
dataset, it outperforms the Graph-based, Segmentation and Gregson methods. Con-
sidering all the datasets, based on the average precision, it is observed that the 
proposed technique outperforms all other techniques except ESP. This is also ob-
served from Figure 5-4. 
From Table 5-3, it is also observed that there is a large variation in the accuracy 
between the techniques for different datasets. For dataset HRIS, the proposed method 
outperformed the Gregson, HHFW and Segmentation based, while for VDIS, it 
outperformed all techniques except ESP. For the CLRIS dataset, it outperformed 
1DG, 2DG, ESP and segmentation. For KPIS, it outperformed all except the Greg-
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son. Considering all the datasets, based on the average accuracy, it is observed that 
the proposed technique outperforms all other techniques except the Graph-based 
method. This is also observed from Figure 5-4. 
The overall performance of the proposed method is comparable to the state-of-
the-art techniques. The difference in the mean accuracy and precision is 0.25 pixels 
(34%) and 0.29 pixels (28%) when compared with Graph-based (Xu, Niemeijer et al. 
2011) and ESP (Al-Diri, Hunter et al. 2009), respectively. 
 
Table 5-2. 
Variance in Diameter Measurement - Precision Performance 
Measurement HRIS VDIS CLRIS KPIS 
Average 
Precision 
Gregson 2.841 1.494 2.841 0.602 1.945 
HHFW 0.926 0.879 N/A 0.389 N/A 
1DG 4.137 2.110 4.137 0.399 2.696 
2DG 6.019 1.328 6.019 0.337 3.426 
ESP 0.420 0.766 1.469 0.328 0.746 
Graph-Based Approach 0.567 1.430 1.780 0.670 1.112 
Proposed Method 0.746 0.622 2.352 0.435 1.039 
Segmentation Method 1.043 1.817 2.304 0.541 1.426 
 
 
Table 5-3. 
Absolute Error in Diameter Measurement - Accuracy Performance  
Measurement HRIS VDIS CLRIS KPIS 
Average 
Accuracy 
Gregson 3.290 1.220 1.000 0.230 1.435 
HHFW 0.620 0.910 N/A 1.050 N/A 
1DG 0.540 3.070 7.500 2.570 3.420 
2DG 0.170 2.260 6.800 1.650 2.720 
ESP 0.280 0.050 1.900 0.960 0.798 
Graph-Based Approach 0.210 0.530 0.080 1.140 0.490 
Proposed Method 0.612 0.253 1.538 0.556 0.740 
Segmentation Method 3.126 4.726 7.127 3.640 4.655 
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5.6 Discussion 
This study outlines a general framework to compute vessel diameters from enhanced 
vessel images instead of using a global threshold to obtain the edges from vessel 
segmented images. The main advantage of this technique is that it can be integrated 
with other vessel enhancement techniques to achieve better performance.  
It is observed that, in Figure 5-4, using a global threshold to define the edges 
suffers from inaccuracy and imprecision. The proposed method based on a Gaussian 
fitting on enhanced retina images shows a marked improvement to using the segmen-
tation technique (proposed method vs Hessian segmentation). These results confirm 
the hypothesis that there is a loss of calibre information during the vessel segmenta-
tion. The vessel diameter calculated on the binary image generally underestimated 
the vessel diameters, which can be explained from the drop of the actual edges when 
the associated grey values were below the threshold. 
A graph-based approach shows the best overall accuracy over other techniques. 
However, it is important to note that, as stated by Chapman et al. (Chapman, Witt et 
al. 2001) and Al-Diri et al. (Al-Diri, Hunter et al. 2009), the mean difference or 
accuracy as defined in this study can easily be corrected by subtracting the measure-
ment with a bias constant. As opposed to accuracy, the variance in the measurement 
error (or precision in this study) cannot be compensated for. 
While ESP gives the best precision, the method requires the edges to be detected 
one at a time. To overcome this limitation, a curve fitting technique has been em-
ployed to detect both edges simultaneously. As suggested by Xu et al. (Xu, 
Niemeijer et al. 2011), the ability to detect both edges is important when one of the 
boundaries is blurred or of poor quality. 
The proposed method used the maximum distance between a pair of two peaks 
of the second order derivatives instead of standard deviation of the fitted function as 
the estimated diameter. This gives an advantage of avoiding the need to find appro-
priate multiplication factor for the parameter that is prone to sampling bias. The 
factor is dependent on the image quality and the contrast at the vessel boundary, 
which can be seen from the works by Gao et al. on 2 different datasets (Gao, Bharath 
et al. 2000; Chapman, Witt et al. 2001). Based on this, it is evident that there is no 
fixed factor that can be used to measure the diameter of the vessels, making the 
measurement technique less reliable as shown in the Figure 5-4 (1DG and 2DG). 
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In conclusion, this study showed that care must be taken when using vessel seg-
mentation techniques to measure the vessel diameter. To compensate for the 
segmentation error when using a global threshold, a diameter measurement at the 
greyscale level has been developed and assessed. Average precision has been im-
proved by 27% over that obtained from the segmentation method.  
Chapter 6, “Validating greyscale vessel diameter measurements” further vali-
dates the methodology based on the change of vessel diameter in the cardiac cycle. 
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Chapter 6  
 
Validating greyscale vessel diameter 
measurements 
6.1 Introduction 
Precise vessel diameter measurement has been developed and discussed in Chapter 
5, “Loss of calibre information during vessel segmentation”. This chapter validates 
the proposed diameter measurement methodology on the retinal vessels at different 
cardiac points. Precision is important in such a case, as the change in the diameter of 
the vessels being investigated is less than 4.8% (Chen, Patel et al. 1994).  
The aim of this work is to identify the changes of the vessel segment over the 
cardiac cycle. Currently available clinical measurement techniques such as IVAN 
(Wong, Islam et al. 2006) and SIVA (Cheung, Tay et al. 2011) are designed for 
providing a summary of the vessel diameter of six largest vessels (Knudtson, Lee et 
al. 2003) and do not provide the details of the single cross-sectional measurement 
and hence were not suitable for this study.  
 
 
6.2 Background 
The movement of the vessels provides the information regarding the properties of the 
vessels, including compliance, stiffness and distensibility (Asmar, Benetos et al. 
1995; Blacher, Asmar et al. 1999), and examination of the large vessel behaviour 
(e.g., aortic vessel stiffness, carotid artery intima media thickness) is routinely done 
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clinically in cardiology and neurology settings. While there is increasing recognition 
of the importance of studying the small vessels (e.g., <200µm), techniques that can 
investigate the small vessels, functional and structural changes to investigate small 
vessel disease are not available for regular clinics and hospitals.  
Retina images allow the non-invasive viewing of the in-vivo vessels and have 
been established as an early indicator of stroke (Wong, Klein et al. 2001; Wong, 
Kamineni et al. 2006; Baker, Hand et al. 2008; McGeechan, Liew et al. 2009), 
diabetes (Wong, Klein et al. 2002; Nguyen, Wang et al. 2008) and hypertension 
(Wong, Klein et al. 2004; Kawasaki, Che Azemin et al. 2011). Age-related changes 
are also measureable from these images (Azemin, Kumar et al. 2012). Thus, retinal 
imaging can provide information regarding the small vessel conditions that no other 
modality can easily provide. It is relatively inexpensive, non-invasive and low risk. 
However, as retinal imaging is “static”, it does not provide information regarding the 
dynamic flow of blood and functional status of the microvasculature. Dynamic 
regulatory changes in microcirculation can only be assessed by using continuous 
measuring methods and this has led to the development of devices such as the 
Dynamic Vessel Analyser (DVA) (Vilser, Nagel et al. 2002; Nguyen, Kawasaki et al. 
2009). While DVA is able to provide temporal resolution of greater than 20 frames 
per second, it has come at the cost of the spatial resolution and methodology. Further, 
these are only suitable for highly specialised research facilities.  
To study changes in the retinal vasculature diameter due to the cardiac cycle, the 
option of gating the eye fundus camera with the electrocardiogram (ECG) has been 
proposed (Chen, Patel et al. 1994; Reshef 1999). To synchronize a retinal fundus 
camera with the ECG requires two steps: the hardware that enables triggering of the 
fundus camera at the specific cardiac point and the image analysis part that involves 
measurement of the vessel diameter. This research work will focus on the latter.  
Previous studies that have successfully measured the vessel diameter in the car-
diac cycle (Chen, Patel et al. 1994; Reshef 1999) have used techniques with high 
levels of manual intervention for the identification of the vessel location for investi-
gation, half-height intensity of the vessel profile (Chen, Patel et al. 1994) and the 
radius of a circle centred on one edge and touching the other (Reshef 1999). Auto-
mating the process of diameter measurement can be challenging because the recent 
studies by (Moret, Poloschek et al. 2011) have shown that there are multiple move-
ments of the retinal vessels such as a change of the angle with each cardiac pulse, and 
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this can result in erroneous calibre measurements. This contributes to inter- and intra-
grader variability in the vessel diameter measurements, and this has prevented the 
widespread application of cardiac gated retinal imaging.  
In this study, the above shortcomings have been overcome and an automated 
technique to obtain ECG gated retinal images and measure the retinal vessel diameter 
is described. The method to measure the diameter of the vessel is a modification of 
twin-Gaussian techniques for vessel calibre measurement and provides sub-pixel 
accurate vessel diameter measurements. The research work has validated this meth-
odology by evaluating the trend of the retinal arteriole and venule diameter change 
which has been reported in the previous studies (Chen, Patel et al. 1994; Reshef 
1999). 
 
6.3 ECG Synchronization Unit 
The hardware was built by Mr. Hao Hao, from the School of Electrical and Computer 
Engineering, RMIT University. The following paragraphs briefly explain the meth-
odology employed to build the ECG module. 
A retinal camera with the connection to the ECG synchronization unit enables 
synchronization with the ECG signal and photographs accurately at the designated 
point of the cardiac cycle. The solution of the ECG synchronization unit is shown in 
Figure 6-1. 
 
 
  
Figure 6-1 ECG synchronized retinal photography system. 
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The overall system includes a commercial retinal camera, a custom built ECG 
recording device with a microcontroller based online ECG analysis and triggering of 
the retina camera, a laptop to record the ECG signal, and the camera-trigger pulses 
and the retina images which allows for offline analysis. This was to ensure the 
accuracy of the triggering of the camera. 
The R waves of the ECG signal were converted to a pulse train. To simplify the 
circuits, the design has an adjustable sensitivity level with a fixed trigger threshold to 
ensure a noise-free pulse train cut off from the R waves of the ECG signal. The pulse 
train can be monitored by the flashing of a LED.  
A microcontroller was used for R-R interval detection and computation. An open 
source electronics prototyping platform called Arduino (Arduino 2012) was selected 
for its popular application and easy programming. After R-R interval detection and 
time delay calculations, the microcontroller sends a triggering pulse to release the 
shutter of the retinal camera. The triggering pulse was also monitored on the same 
oscilloscope.  
The key issues in the ECG-synchronized camera are: (a) R-R intervals detection 
and (b) the detection of abnormal R-R intervals. The analog input of the microcon-
troller is able to detect the rising edge of the R wave above the threshold. Based on 
the typical resting heart rate 60–100 bpm in adults, an R-R interval will be alarmed 
as abnormal if the detected R-R interval is larger than 1000 or less than 600 ms. 
These functions are integrated in Arduino as shown in Figure 6-2. 
The computer interface communicates in two ways with the microcontroller via 
a USB cable. The interface receives the information of the detected R-R intervals 
(the value and if the value is abnormal). Simultaneously, it transmits input commands 
to the microcontroller (testing R-R intervals or triggering the camera). The computer 
interface is based on an Arduino integrated series communication window, which is 
fast and simple (Arduino 2012). 
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Figure 6-2. Flow chart of real time R-R interval detection, calculation and trigger 
process. 
 
 
6.4 ECG Experiment 
This study aimed to measure the changes in the diameter of the vessels over the 
cardiac cycle without a high level of manual intervention. Once the precision was 
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established (Chapter 5.5), the validity of the technique was tested using images 
obtained from the ECG experiment. 
To test the efficacy of the proposed methodology, 135 retina images of 15 sub-
jects at nine different points in the cardiac cycle were considered. This study 
measured the vessel segment superior or inferior temporal approximately 1-2 disk 
diameters from the optic nerve head. If the measurement sites were not clear due to 
imaging artefacts, other locations were used.  
 
 
Figure 6-3. Vessel diameter measurement site. Individual vessel diameter measure-
ments were calculated from 20 cross-sections from arteriole and venule segments. 
 
Twenty cross-sections of arteriole and venule vessels were extracted, resulting in 
5400 vessel cross-sections (15 subjects x 9 cardiac cycles x 20 cross-sections x 
arteriole/venule). The choice of 20 cross-sections was determined by observing the 
shape of the vessel, at this length the vessel typically remains straight. Subjects were 
required to have their retina images captured using the ECG-gated retinal photogra-
phy module (as described in Section 6.3) at 9 distinct points in the cardiac cycle. The 
triggering points are illustrated in Figure 6-4.  
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Figure 6-4. Illustration of the outputs from the oscilloscope; ECG signal and the 
camera-triggering pulse (blue line) taken at point 5 (half of the R-R interval). R-R 
interval is divided into nine points in the cardiac cycle. 
 
This study was approved by the local Research Ethics Committee; fully in-
formed written consent was obtained from each subject and the research was 
conducted in accordance with the principles of the Declaration of Helsinki of 1975, 
as revised in 2008. After the image acquisition, image registration was performed 
(i2k Retina®, DualAlignTM) based on an algorithm detailed in Stewart, Tsai et al. 
(Stewart, Tsai et al. 2003) to ensure the sampling of the cross-sections at the same 
spatial location.  
 
6.5 Measuring Vessel Diameter 
The proposed vessel diameter measurement is a modification of the use of the twin 
Gaussian function proposed by Gao, Bharath et al. (Gao, Bharath et al. 2000). After 
the retinal image enhancement (Frangi, Niessen et al. 1998), it identifies the most 
suitable set of Gaussian functions, overcoming some of the limitations of the earlier 
technique. The diameter of the vessel is subsequently calculated based on the second 
order derivative of the fitted Gaussian function. Details have been provided in 
Chapter 5, “Loss of calibre information during vessel segmentation”. 
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6.6 Results 
Figure 6-5 is the plot of the average diameter of the vessels at different points of the 
cardiac cycle. It is observed that the arteriole reached a peak earlier at mid-systole, 
and the venule increased more gradually and touched maximum later, at early 
diastole. The average maximum diameter changes calculated were 5.8% in arteriole 
and 4.8% in venule.  
 
(a) 
 
(b) 
Figure 6-5. a) Arteriole diameter change across the cardiac cycle, and b) Venule 
diameter change across the cardiac cycle. 
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One-way analysis of variance (ANOVA) was performed on the 9 cardiac cycle 
points and the results indicate that there is a significant different change in diameter 
across the cardiac cycle for both arterioles (F=4.06, df=8, p<0.001) and venules 
(F=3.51, df=8, p<0.001). Post-hoc analysis (Tukey-Kramer) revealed there is no 
significant difference when the images were triggered at R-waves (point 1 and point 
9) for both arteriole (p>0.05) and venule (p>0.05), this indicates that random meas-
urement noise or other factors than cardiac movement do not significantly affect the 
result. After adjustment to the system delay, the resulting cardiac patterns were 
highly correlated to the previously reported patterns for both arteriole (rho=0.82) and 
venule (rho=0.83). 
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6.7 Conclusion 
This research work has proposed and tested a precise and accurate methodology of 
estimating the change in the vessel diameter over a cardiac cycle with minimum 
manual intervention. This includes an automated ECG-triggering retinal photography 
method and an automated vessel diameter measurement. 
The methodology has experimentally validated the expected change in the retinal 
vessel diameter (Chen, Patel et al. 1994; Reshef 1999) found across the cardiac 
cycles in a general population sample. The results are consistent with the previous 
findings which is evident from the results: (1) there is a significant change in the 
retinal vessel diameter across the cardiac cycle (Chen, Patel et al. 1994; Reshef 
1999); (2) the peak of the retinal arteriole and venule diameters are not at the same 
time, and the retinal arteriole diameter peaks earlier in the cardiac cycle than the 
retinal venule (Chen, Patel et al. 1994; Reshef 1999); and (3) the maximum change 
was found to be larger in the arteriole (5.8%) than the venule (4.8%) (Reshef 1999). 
The overlap in the 95% confidence intervals of the vessel diameter at different 
cardiac points can be resulted from several factors. These include the irregular 
movement of the vessels pulsation and the pulsation may not appear in all subjects 
(Moret, Poloschek et al. 2011). Defocused images can also affect the results of the 
diameter estimation (Neubauer, Lüdtke et al. 2008). 
This study has validated the precision of the proposed vessel diameter measure-
ment methodology. The validity of the system has been confirmed by the similar 
trends in the vessel changes obtained across the cardiac cycle in the previous studies. 
Finally, the potential for the automated system to detect systemic vascular conditions 
such as heart disease, stroke, diabetes and other conditions such as aging deserves 
further study. 
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Chapter 7  
 
Retinal biometrics in greyscale retina images 
7.1 Introduction 
This chapter addresses the hypothesis that robust landmarks can be identified at the 
greyscale level to compensate for the missing bifurcations during vessel segmenta-
tion. The chapter first describes the current state-of-the-art techniques in retinal 
biometrics, then proceeds to describe a methodology for the biometrics analysis of 
retina images at the greyscale level. 
7.2 Background 
This research work proposes a novel method to identify the similarity between the 
retinal image of the unknown user and the images from the dataset. The technique 
involved image enhancement, image registration and developing a feature set to 
represent the uniqueness of the images. The image enhancement was based on 
Frangi’s vesselness definition (Frangi, Niessen et al. 1998), the image registration 
was based on Scale-Invariant Feature Transform (SIFT) (Lowe 2004) and Random 
Sampling Concensus (RANSAC) (Fischler and Bolles 1981) algorithms, and the 
feature set was calculated using a two-dimensional correlation. It consisted of 
multiple features from the retina scans which increased the dimensionality of the 
feature space, and classified the unknown sample by using a supervised classification 
to overcome the shortcomings of the current techniques. For this purpose, the image 
was sub-divided into four quadrants, and two-dimensional correlation features were 
extracted for each of these four blocks and one for the complete image to obtain a set 
of five features to represent the image. Supervised learning was then employed to 
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construct the biometrics classifier. The proposed scheme does not require a manual 
choice of an optimal threshold, which is exhaustive and may be biased towards 
certain datasets.  
It is hypothesized that the use of five features using supervised learning will re-
sult in a more robust system than a single similarity metric. The experimental results 
of 60 retina scans with different lightning conditions demonstrate the efficacy of this 
technique. The results were compared with existing methods. 
7.3 Materials and Methods 
7.3.1 Image Preparation 
This study was tested on a set of stereo images (Azemin, Kumar et al. 2011). The 
stereo images were prepared by the Centre for Eye Research Australia. It consists of 
60 retina scans (2 scans each subject). The first shot was taken from the left angle, 
and the second was from the right angle. The angle of imaging differs by approxi-
mately 7 degrees. These two shooting points are considered as two cases where 
highly different lighting and shadow occlusion were generated. The differences are 
evident as shown in Figure 7-1(a) and Figure 7-1(b). 
 
7.3.2 Vessel Enhancement 
The Frangi et al. (Frangi, Niessen et al. 1998) method  was employed to enhance the 
retinal vessel. This method has been validated by many proof-of-concept studies on 
vessel extraction (Canero and Radeva 2003; Sofka and Stewart 2006) and was 
chosen over the alternative method for its fast processing time. The vessel enhance-
ment method was based on the analysis of the eigenvalues of the Hessian. The 
algorithm first defines the scale-space representation, L, which is the result of a 
convolution of image intensity, f, with a Gaussian function, g: 
 
),(*),(),( yxgyxfyxL  ,  (7-1) 
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(a) (b) 
Figure 7-1. Same retina taken from different angles: notice the difference in illumina-
tion and shadow occlusion in the scans, resulting in missing bifurcations and 
branches. (a) Original images with different illuminations, (b) Segmented vessels 
showing missing landmarks on the right side of the image. 
 
 
where (x,y) is the pixel location. The Hessian of an intensity image in scale space can 
be obtained at each point by convolving f with derivative-of-Gaussian kernel: 
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The vesselness measure according to Frangi is: 
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where A is the ratio of the eigenvalues of the Hessian, 
 
2
1


 , and S is the overall 
strength measure which differentiates between the vessels and the background. α and 
β are the constants. 
7.3.3 Image registration 
As the first step for image registration, the possible candidates of the pixel location 
from the images were extracted. Scale-Invariant Feature Transform (SIFT) (Lowe 
2004) was employed for this purpose and the keypoints were processed based on the 
difference-of-Gaussian function of the pixels. A descriptor was then generated based 
on orientation, scale, and location of the keypoints. 
Let f1 and f2 be the two retina scans to be registered, d1(i) and d2(j) be the de-
scriptor vectors for the ith and the jth keypoints of f1 and f2, respectively. The main 
problem for image registration is to find the keypoints in f1 that match the keypoints 
in f2. The optimal candidates can be calculated based on the minimum Euclidean 
distance between d1 and d2.  
Inconsistent matches were rejected using Random Sampling Consensus 
(RANSAC) (Fischler and Bolles 1981). In brief, RANSAC accepts the inliers and 
rejects the outliers by repeatedly samples a set of correspondences that are drawn 
randomly from the input set. Figure 7-2 shows the correspondences from two same 
retinas taken at different times. The inliers were used as inputs to the non-reflective 
similarity transformation for image registration. It may include a rotation, a scaling, 
and a translation. If no inliers were detected, the matching scores were set to zero. 
7.3.4 Features extraction 
This section explains how the proposed method extracted multiple features from a 
single enhanced-aligned image, and a brief description of the previous methods that it 
has been compared against. 
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To obtain multiple features from the retina scan, each enhanced-aligned retina 
image was divided into four blocks: top, bottom, left, and right. Features were 
calculated for the four blocks and the complete image based on a two-dimensional 
correlation function. Figure 7-3 illustrates an example how the image was split into 
two sections. Let A(x,y) and B(x,y) be the two sections to be matched. 
 
 
Figure 7-2.The correspondences from two same retinas taken at different times; the 
lines show the inliers accepted from the RANSAC. 
 
 
 
(a) (b) 
Figure 7-3. Examples of the separate sections of the enhanced-aligned retina image. 
(a) Top section, and (b) bottom section.  
The proposed feature set was the two-dimensional correlation for each of the 
four quadrants and one for the total image. This leads to a feature set of length five to 
represent the image of size M x N.  
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where A  and B  are the means of A and B, respectively. The centre point was calcu-
lated based on the centre of mass of the first image. All the five features were then 
fused to a classifier. A Linear Discriminant Analysis Leave-One-Out (LDA-LOO) 
classifier was selected because of its ability to provide robust cross-validation of the 
huge amount of data, which is essential to avoid sampling bias when training the 
system without sacrificing the accuracy of the system. In addition, the use of a linear 
classification system further re-confirms the stronger discriminative abilities of the 
extracted retinal feature vectors. 
The outcomes of this technique were compared with three existing techniques. 
Retina code (Fuhrmann, Hämmerle-Uhl et al. 2009) encodes the vessel structure 
surrounding the optic disc using concentric circles, which requires the identification 
of the optic disk. Matching is done using Hamming distance. Shape signature 
(Azemin, Kumar et al. 2009), on the other hand, uses the contour of the retinal 
vasculature to extract the uniqueness from the structure. It employs cross-correlation 
as a similarity metric. Following this, in an effort to improve the robustness of 
images with less retinal area overlap (< 25%), Oinonen et al. (Oinonen, Forsvik et al. 
2010) proposed a novel Principal Bifurcation Orientation (PBO) feature descriptor. 
This scheme employs the vessel direction information from the segmented vessel 
map for each considered image pairing. All the three techniques use binary segmen-
tation of the vessels. 
7.4 Results 
The performance comparison for each technique is shown in Table 7-1. The accuracy 
was measured by False Positive Rate (FPR) and False Negative Rate (FNR) of the 
3,540 comparisons (60 x 60 matching – 60 same-image matching). These metrics 
were used to give better indication the type of error each algorithm is more exposed 
to. FPR and FNR were obtained using ROC curve analysis. The point closest to 
FPR=0% and FNR=0% in the ROC curve was defined as the optimal threshold.  
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Table 7-1. 
Performance comparison of different retinal biometrics on the stereo images. 
Biometrics Similarity 
Metrics / 
Classifier 
FPR FNR Implementation 
Circular Coding Retina Code 
(Fuhrmann, Hämmerle-Uhl et 
al. 2009) 
Hamming 6.6% 0% M. Z. C. Azemin 
Shape Signature (Azemin, 
Kumar et al. 2009) 
Correlation 8.8% 33.3% M. Z. C. Azemin 
Proposed Supervised Biomet-
rics 
LDA-LOO 0% 0% M. Z. C. Azemin and  
L. Sugavaneswaran 
 
PBO Biometrics (no parame-
ter fine-tuning was done from 
the original code) (Oinonen, 
Forsvik et al. 2010) 
Self-defined 
metrics  
96.5% 3.2% L. Sugavaneswaran 
 
 
A retina code and shape signature exhibits some degree of error; this may be a 
result of the incorrect identification of the optic disk. The previous state-of-the-art 
method based on principal bifurcation orientation, which reports 0% FPR and 0% 
FNR in the public dataset, did not perform well with a stereo dataset. This may be 
due to the fact that the similarity metrics parameters being used need manual support 
for optimization to different dataset as reported previously (Oinonen, Forsvik et al. 
2010). 
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7.5 Conclusion 
This chapter describes a supervised retinal biometrics approach, which is based on 
the use of image registration, two-dimensional correlation and a fast classifier. The 
results are a marked improvement with zero FPR and zero FNR. In practice, FPR, 
which is the most essential characteristic in a high security environment, may further 
be improved by adjusting the weight of the classifier favouring the FPR. The results 
in Table 7-1 indicate that the proposed system performed well without requiring 
manual parameters fine-tuning and exhaustive search. This indicates that by increas-
ing the dimensionality of the feature space, the distinction between different people 
would increase and would lead to reduced errors in the classification.  
A novel methodology for retinal biometrics at the greyscale level has been de-
veloped, which does not require: (1) optic disk detection to identify the region of 
interest; (2) binary segmentation of the vessels which are prone to segmentation error 
when non-uniform illumination exists in retina scans taken at different instances of 
time; and (3) manual similarity metrics parameters selection. Cross-validation is also 
possible to find the best parameter values when fine-tuning the classifier. 
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Chapter 8  
 
Conclusion 
This research work has shown that retinal image analysis suffers unreliability in 
segmentation. This is, maybe, because of the shadow effects and non-uniform 
lighting conditions during the retinal imaging. The analysis of retina image in grey-
scale improves reliability. 
This study has explored the analysis of retina images at the greyscale level, in 
particular the discovery of a novel clinical marker to describe retinal complexity 
based on the Fourier fractal dimension (FFD). This work has demonstrated that using 
the box-counting technique on vessel segmentation to summarize retinal complexity 
can be unreliable due to the presence of imaging artefacts such as shadow occlusion 
and imbalanced illumination (Chapter 3, “Quantifying complexity with greyscale 
fractal analysis”).  
The newly developed fractal methodology has been applied successfully to iden-
tify the decline of complexity (p<0.0001) in the aging data (Section 4.2, “Detecting 
age-related retinal changes with greyscale fractal analysis”). The result is consistent 
with the previously reported results in other parts of the body, while the retina was 
contradictory. 
The FFD feature has also been demonstrated to be able to predict stroke inci-
dence 10 years before the actual event in a population study (Section 4.3, “Retinal 
stroke prediction with greyscale fractal analysis”). This is an important finding 
because the current technique was only able to describe the difference between stroke 
subtypes but provided no evidence in the prospective data. 
  105 
In the masked analysis of the population-based Blue Mountains Eye Study (Sec-
tion 4.4, “Masked experiment of the population data”), FFD was found to be 
associated with other physiological factors and conditions. These include age, height, 
diabetes, haematocrit, haemoglobin, post-cataract surgery, stroke mortality, and 
coronary heart disease mortality. FFD was also positively correlated with the existing 
retinal features, Central Retinal Arteriole Equivalent, Central Retinal Venule Equiva-
lent, and the box-counting fractal dimension. 
 The vessel segmentation has been experimentally proven to cause imprecision 
in vessel diameter measurements (Chapter 5, “Loss of calibre information during 
vessel segmentation”). To compensate for the segmentation error, a new methodol-
ogy has been proposed at the greyscale level. The proposed diameter measurement 
has shown to increase the precision by 27% using the same vessel enhancement prior 
to the segmentation process. The precision of the measurement has been shown to 
outperform or be comparable to the other state-of-the-art techniques. 
The validity of the diameter measurement has been confirmed by the observation 
of cardiac trends in the vessel calibre (Chapter 6, “Validating greyscale vessel 
diameter measurement”). The results not only show a significant diameter change 
across the cardiac cycle (p<0.001), but also indicate a specific trend for arteriole and 
venule. The agreement with the previously reported trend of arteriole reaches its peak 
prior to the venule has further confirmed the efficacy of the diameter measurement. 
This research work has also reported the preliminary results obtained from bio-
metrics data. The retinal analysis of biometrics in greyscale is shown to be more 
robust in the dataset with different lighting conditions (Chapter 7, “Retinal biomet-
rics in greyscale retina images”). This is evident from 100% accuracy achieved 
without the need for manual parameter fine-tuning, as opposed to the analysis at a 
binary level which required different initialization in different datasets. 
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8.1 Main contributions of this thesis 
The key contributions of this thesis can be listed as follows: 
 A novel complexity marker extracted from retina, which is more robust 
to light artefacts, shadows and background noise based on a greyscale 
complexity measure, FFD. 
 FFD is not dependent on the expertise of the graders to locate the optic 
centre. Experiments with 100 variations of the retina image region of in-
terest generated using Monte Carlo simulation has demonstrated that the 
outcome is not sensitive to the difference in the identified location of the 
optic centre. 
 It has been demonstrated that FFD shows a measurable reduction in 
complexity with aging in both left and right eyes, with statistically sig-
nificant differences between the four classes (p<0.0001). This is 
consistent with findings of reduced complexity associated with aging in 
other parts of the body. 
 Using 10-year follow-up data, stroke prediction has been shown to be vi-
able with FFD. Persons in the smallest quartile of FFD (<1.494) were 
twice more likely to have a subsequent stroke than those with the largest 
quartile (>1.527). 
 In the masked analysis of the population based Blue Mountains Eye 
Study, FFD was found to be associated with other physiological factors 
and conditions. 
 To compensate for the segmentation error when using a global threshold, 
a methodology of diameter measurement at the greyscale level has been 
proposed. Average precision has been improved by 27% over that ob-
tained from the segmentation method using the same vessel enhancement 
method. 
 The validity of the proposed diameter measurement has been confirmed 
using images taken at different cardiac points. The methodology has ex-
perimentally validated the expected change in the retinal vessel diameter 
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found across the cardiac cycle (p<0.0001) in a general population sam-
ple. 
 A novel methodology for retinal biometrics at the greyscale level has 
been developed which does not require binary segmentation of the ves-
sels which are prone to segmentation error when non-uniform 
illumination exists in retina scans taken at different instances of time. 
The results are a marked improvement with a zero False Positive Rate 
and a zero False Negative Rate. 
8.2 Future studies 
While FFD has been demonstrated to exhibit sensitive detection of aging and future 
strokes in the older population, there is a need for future study to fully understand 
what FFD changes indicate in the context of pathophysiology. Based on the prelimi-
nary statistical analysis on the population data, it is theorized that reduced FFD 
indicates reduced complexity in the branching pattern of the microvasculature, 
leading to a reduction in perfusion and a limited ability to form collaterals, which 
could increase vulnerability to lack of oxygen supply to the brain. 
The proposed diameter measurement at the greyscale level has been shown to 
work with vessel enhancement techniques based on the Hessian matrix. Future 
studies may include the integration with other vessel enhancement techniques to 
achieve better performance. The clinical performance of this diameter measurement 
for systemic vascular disease in terms of specificity and sensitivity is also warranted. 
The results of the greyscale biometrics analysis, while preliminary, indicate the 
possibility of testing the technique on different datasets with more variations. It 
would be interesting to see whether the proposed biometrics could be trained and 
tested on different datasets to validate its portability. 
The greyscale analysis, especially the FFD methodology, presented in this thesis 
could also find use in the analysis of other biomedical images. One area of future 
research could be to test the validity of this technique in images obtained from other 
modalities, including: magnetic resonance imaging, scanning electron microscopy, 
and photo acoustic imaging.  
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